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Preface
This first volume contains the full paper proceedings of the 11th International Conference on
Geographic Information Science (GIScience 2020) that was scheduled to be held in Poznań,
Poland, 15-18 September, 2020. The conference and its submission deadlines were affected
by the widespread outbreak of COVID-19. Consequently, the program chairs decided to split
the full paper track into two deadlines to accommodate authors impacted by the pandemic
with one deadline mid of March and the second deadline roughly four weeks later. The short
paper track was canceled approximately one month before the deadline.
Overall, we received 50 submissions, out of which 44 were full papers and six were short
papers submitted before the track was canceled. While most papers received four reviews, the
number of reviews varied between three and six, e.g., when reviewers provided their reviews
well past the deadline while we had already assigned emergency reviewers. The review phase
was followed by a rebuttal phase in which the authors could react to the reviews and provide
clarifications. Next, the reviewers discussed the reviews and rebuttals with a metareviewer,
and adjusted their final assessment when appropriate. The metareviewers summarized the
reviews and discussion and provided a recommendation to the program chairs. In one case,
we requested a second metareview. One manuscript was accepted conditionally at first, to
undergo another round of editorial checks. In total, we accepted 17 submissions for this first
volume.
The accepted papers represent a wide range of topics at the forefront of GIScience research
including work on computational geometry, routing and traffic forecasting, the privacy of
trajectories, the analysis of geo-social media, and (mobile) sensors.
In coordination with the GIScience series’ Steering Committee, the organizers canceled
the in-person part of GIScience 2020 due to the worsening pandemic and decided not to hold
an online event. Instead, they voted to postpone the conference to 2021, departing from the
usual 2-year rhythm, and to combine the papers in this volume with a second round of full
papers (and short papers) with an anticipated submission deadline in March 2021 for the full
papers and June 2021 for the short papers. GIScience 2021 will be held on September 27-30,
2021 in Poznań, Poland. The workshops and tutorials accepted for GIScience 2020 were
given the opportunity to postpone until 2021 as well and a small number of workshops may
be added for the 2021 edition to ensure that emerging topics can be covered appropriately.
The entire GIScience 2020 team would like to express their gratitude to all the authors,
reviewers, workshop and tutorial organizers, and anybody else involved in organizing the
conference. We are particularly grateful to the emergency reviewers for accepting the
increased workload and to local organizing team in Poznan for their flexibility during these
difficult times.

The GIScience 2020/21 Organizing Team
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Using Georeferenced Twitter Data to Estimate
Pedestrian Traffic in an Urban Road Network
Debjit Bhowmick1
Department of Infrastructure Engineering, The University of Melbourne, Australia
dbhowmick@student.unimelb.edu.au

Stephan Winter
Department of Infrastructure Engineering, The University of Melbourne, Australia
winter@unimelb.edu.au

Mark Stevenson
Melbourne School of Design, Department of Infrastructure Engineering, The University of
Melbourne, Australia
mark.stevenson@unimelb.edu.au

Abstract
Since existing methods to estimate the pedestrian activity in an urban area are data-intensive,
we ask the question whether just georeferenced Twitter data can be a viable proxy for inferring
pedestrian activity. Walking is often the mode of the last leg reaching an activity location, from
where, presumably, the tweets originate. This study analyses this question in three steps. First, we
use correlation analysis to assess whether georeferenced Twitter data can be used as a viable proxy
for inferring pedestrian activity. Then we adopt standard regression analysis to estimate pedestrian
traffic at existing pedestrian sensor locations using georeferenced tweets alone. Thirdly, exploiting
the results above, we estimate the hourly pedestrian traffic counts at every segment of the study area
network for every hour of every day of the week. Results show a fair correlation between tweets and
pedestrian counts, in contrast to counts of other modes of travelling. Thus, this method contributes
a non-data-intensive approach for estimating pedestrian activity. Since Twitter is an omnipresent,
publicly available data source, this study transcends the boundaries of geographic transferability
and scalability, unlike its more traditional counterparts.
2012 ACM Subject Classification Information systems → Geographic information systems
Keywords and phrases Twitter, pedestrian traffic, location-based, regression analysis, correlation
analysis
Digital Object Identifier 10.4230/LIPIcs.GIScience.2021.I.1

1
1.1

Introduction
Background and motivation

Urban traffic monitoring and analysis is increasingly important with the ever-growing urban
population. Urban traffic consists of two major modes of travel, namely the vehicular mode
(automobile, bicycle, transit) and the pedestrian mode [38]. Research on urban vehicular
traffic has been popular for the past five or six decades owing to increased number of motorised
vehicles on the road and the consequent challenges related to traffic congestion, competition
for space and consumption of resources. On the contrary, the focus on pedestrians is more
recent with the authorities now spending more resources on developing infrastructure for
active mobility (non-motorised forms of transport such as biking and walking) to curb the
detrimental impact of the motorised modes on public health and climate.
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While walking is the most common and essential travel mode as almost all places are
accessible on foot [39, 13], several studies have shown the benefits of walking with respect to
a person’s physical and mental health [3, 18, 14]. On a larger scale, walking generates indirect
public health benefits by reducing the use of automobiles, consequently reducing traffic
congestion, energy consumption, air and noise pollution, the overall level of traffic danger,
and thus offerring more liveable communities [26, 37]. Besides public health, pedestrian
activity is an important factor in urban planning, transportation management and decisions
affecting land use and real estate. Analytical insights on pedestrian activity assists governing
authorities to estimate demand with greater accuracy and allocate resources accordingly,
which, in turn, improves operations.
Owing to the late rise in popularity of research relating to the pedestrian mode (being
overlooked for decades), datasets representing pedestrian activity and movement are limited
as compared to its motorised counterparts, more so in developing nations. As a result, most
studies are still based on the traditional data collection methods of questionnaire surveys,
manual counting, and tracking people’s movements using GPS devices and smartphones
[25, 2, 31, 9, 30, 5, 27]. While these methods are effective, they involve significant monetary
costs and suffer from the issues of scalability and transferability in both space and time.
Moreover, some of these forms of data collection such as GPS tracking, are highly privacysensitive [17]. On the other hand, traditional pedestrian volume estimation studies [22, 31, 9]
are dependent on multiple, highly localised, predictor datasets which are not available in
most places . Hence, there is a growing necessity for cheap, publicly available, omnipresent
proxy data which transcends the boundaries of scalability and transferability. In this regard,
location-based social media data, especially Twitter, has gained increasing attention by
researchers who have used it to tackle a host of real-world problems including the detection
and prediction of vehicular traffic levels [32], unusual levels of vehicular traffic congestion,
accidents and disruptions [10, 8, 35], pedestrian congestion [34] and crowd movements at
various spatio-temporal scales [7, 4].

1.2

Related work

There is limited systematic research comparing the nature of association of location-based
social media data with varying urban travel modes to investigate the possibility that some
modes are better represented by such data as compared to the others. While [32] have
shown that Twitter and Instagram data can be used as a predictor for actual vehicular traffic
by using Odds Ratio, Risk Ratio and RT-DBSCAN, the nature of association was drawn
from comparing only the abnormalities of social media distribution and vehicular traffic
volume. Since their work intends to identify traffic congestion in near-real time, their methods
are limited to successfully differentiating between normal and anomalous traffic volumes.
Although [7] and [4] have predicted crowd flow using Twitter, their study is also limited to
outlier detection and anomalous behaviour resulting from events. On the other hand, [34]
predicted pedestrian congestion using georeferenced tweet counts but did neither report any
validation, nor any evidence of association between tweets and pedestrian congestion in the
first place. In contrast to the aforementioned literature, this study investigates the possibility
of using georeferenced tweets as a viable proxy for predicting pedestrian traffic and shows
how tweet counts can be used for prediction of pedestrian traffic at high spatio-temporal
resolution.
Other studies have used more traditional approaches of estimating pedestrian traffic at
locations by quantifying the influence of multiple predictor variables. [22] presented a model
to estimate the pedestrian volumes for street intersections. The study found that population
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and job density, local transit access, and land use mix had the strongest explanatory power on
variances of pedestrian volume. [31] used a log-linear regression model to identify statistically
significant relationships between annual pedestrian volume at road intersections and predictor
variables such as land use, transportation system, local environment and socio-economic
characteristics surrounding the intersections. Similarly, [9] proposed a scalable approach by
using regression models to predict pedestrian volume at road intersections using multiple
infrastructural datasets and extrapolate at locations where count data was absent. All these
studies are highly data-intensive and are dependent on the spatio-temporal granularity of
the datasets representing the explanatory variables.
Among other techniques, the space syntax tool is stands out for being less data-intensive
and relying only on street network data [11]. While this configurational approach has been
used to predict pedestrian movement to an acceptable extent (roughly 60%) [21] in urban
spaces, it is well-studied and has a well-developed methodology. But, existing literature has
not employed social media data, or even investigated, in the first place, whether it can be
used as a measure of estimating the number of pedestrians at a given location at a given time
period. On the contrary, this study proposes a novel approach which is not only a scalable,
but also transferable and non-data intensive by only using publicly available georeferenced
Twitter data with fine granularity instead of employing multiple datasets.

1.3

Research hypothesis and objectives

This study aims to prove the hypothesis that georeferenced Twitter traffic can be used as a
viable proxy for estimating pedestrian counts under specific conditions of space and time,
with a certain degree of accuracy. The objectives of this paper are:
1. To show the existence of a strong positive correlation between georeferenced Twitter
traffic and pedestrian traffic and that this correlation is stronger than vehicular traffic,
2. To develop a scalable and transferable method that predicts pedestrian traffic with
reasonable accuracy, at any location in an urban network using only georeferenced tweet
counts with high spatial and temporal granularity.
To attain the stated objectives, this study makes use of publicly available georeferenced
Twitter data, pedestrian count data made available by the City of Melbourne, and vehicular
traffic data from SCATS made available by the Victorian Government.
Overall, the contributions of this study are three-fold.
1. In the first step, this study implements correlation analysis to understand the association
between georeferenced Twitter traffic and two major urban travel modes, pedestrian
and vehicular traffic, by looking at the nature of correlations and the spatio-temporal
patterns of variation of correlation. It compares the results across the two travel modes
to understand whether one mode is more strongly associated with georeferenced tweets
under certain conditions of space-time and hence tweets can be inferred as a viable proxy
for that mode.
2. Based on the findings from the first step, which reveals the existence of a relatively stronger
and more statistically significant correlation between Twitter traffic and pedestrian traffic
as compared to vehicular traffic, the second step of this study uses standard regression
analysis to estimate pedestrian traffic and the resultant estimation errors at existing
pedestrian sensor locations, at any given hour of any day of the week. The method is
geographically transferable and is able to estimate pedestrian traffic at the finest level of
spatial granularity.
3. In the final step, this study predicts pedestrian traffic at every segment of the study area
network (even where pedestrian counts are not available) at hourly intervals of any given
date using georeferenced tweet counts.

GIScience 2021
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2

Data overview

2.1

Pedestrian counts dataset

The City of Melbourne had developed an automated pedestrian counting system in 2009 to
better understand pedestrian activity within the municipality. Using non-vision based sensors
installed at multiple strategic locations in its administrative area (covering the Central
Business District and its neighbouring suburbs), it collects counts of pedestrians on an hourly
basis. The open dataset contains hourly pedestrian counts since 2009 and is updated on a
monthly basis. The dataset is structured with the following information:
1. Sensor ID
2. Sensor location (street name)
3. Coordinates of sensor location (latitude, longitude)
4. Hourly pedestrian count
5. Detailed timestamp (date, day of the week, hour of the day)
During the period of data collection for this study (January to April 2018) there were 49
active sensor locations in the city. Figure 1 shows the locations of the pedestrian sensors
(blue markers).

Figure 1 Locations of pedestrian sensors (blue) and SCATS sensors (red) in the City of Melbourne.

2.2

Vehicular counts dataset

The official source of the vehicle count data for the cities in Australia is based on the
Sydney Coordinated Adaptive Traffic System (SCATS, www.scats.com.au). Recordings are
made at intervals of 15 minutes and are available for download from the VicRoads website
(www.vicroads.gov.au). Hourly vehicular traffic for each of the 45 sensor locations in terms
of counts of vehicles were collected for the period of March 2018. Figure 1 shows the locations
of the pedestrian sensors (red markers).
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Twitter dataset

The Australian Urban Research Infrastructure Network (AURIN, www.aurin.org.au) has
harvested tweets originating from all major cities of Australia from July 2014 to May
2018 using Twitter’s Public Streaming API which allows for a real-time collection of a
random sample of tweets. The collection of tweets was not continuous as the dataset
contains significant time gaps (April to July 2015, March 2016, May 2016 to May 2017).
Similar to previous studies conducted in the domain of spatial information using Twitter
data, this research will rely only on precisely georeferenced tweets (tweets with explicit
latitude/longitude information). In 2019, Twitter has turned off the option of precise
georeferencing. Since then georeferenced tweets provide location information usually in terms
of places of varying granularity. These coarse georeferences are also user selected, and hence
there is no guarantee whether they were posted in that place at all. For this study, however,
we rely on the precise georeferences which are system-generated and hence reliable. [24]
compared the data from the Streaming API and the Firehose data set (the complete set of
tweets available commercially) and stated that the 1% sample provided by the Streaming
API almost returns the complete set of precisely georeferenced tweets despite the sampling.
The challenge with the small number of precisely georeferenced tweets is that they only
represent a set of self-selecting individuals supplying volunteered data. Thus they are highly
unlikely to be representative of the entire pedestrian population of the study area. Regardless
of this major caveat, it is accepted best practice in the literature to base investigations on
this selective data. For this study of predicting pedestrian traffic, even if the tweets are
non-representative, the base assumption of a correlation between persons’ tweeting and their
participation at activities still holds.

2.4

Study settings

The area chosen for this study is the City of Melbourne, one of the 32 local councils making
up Greater Melbourne. City of Melbourne covers an area of roughly 37 km2 and consists of
metropolitan Melbourne’s innermost suburbs, including the central business district. The
study area includes an area specified by a bounding box, judiciously chosen to cover all
sensor locations of the city’s pedestrian counting system with adequate buffer zones. The
coordinates of the bounding box are (-37.8359, 144.9269, -37.7860, 144.9903).
Since the Twitter dataset contains periods of gaps, this study makes use of the most recent
and continuous time span for which the data was collected, from January 2018 to April 2018.
Using the bounding box coordinates specified while defining the study area, 28197 precisely
georeferenced tweets (a subset of the 10 million tweets extracted by AURIN in Greater
Melbourne during the study period) were obtained for the study period. As this study aims
to compare and investigate the nature of associations between pedestrian counts (which are
relatively large numbers in the study area) and tweet counts (which are comparatively small
numbers), any relationship between the two is highly sensitive. To avoid any further bias,
we filtered out any consecutive tweets of the same user in our chosen time intervals, hence,
counting Twitter users rather than tweets in each 1-hour period. Furthermore, tweeting
activity was observed to be anomalous during 1st January and hence, it was removed from
the dataset. This resulted in the final dataset of 25679 precisely georeferenced tweets.
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3

Correlation analysis between tweet counts and pedestrian counts

The underlying assumption of this experiment is that highly populated outdoor spaces have
a greater probability of experiencing high tweet counts, and in turn, high georeferenced tweet
counts, than places with lower populations. This is in line with existing literature where
social media has been used as proxy measure for urban land use [6], urban activity spaces
[19, 23], ambient population [12], and most importantly pedestrian population [34, 7, 4].
While details of these studies [34, 7, 4] have been discussed in Section 1, all of them have
assumed the latent existence of an association between tweets and pedestrians. This study
bases its hypothesis on such findings and ventures deeper to investigate whether georeferenced
Twitter data can actually be used as a viable proxy for inferring pedestrian traffic in an
urban area. Since pedestrian count data is the most accurate representation of pedestrian
traffic at a given location, this study aims to infer to what extent these counts are correlated
with the count of georeferenced tweets. Additionally, this study makes use of vehicular traffic
data obtained from SCATS locations to draw comparisons between pedestrian and vehicular
travel mode in terms of the strength of correlation. It compares the results of the analyses
across the two travel modes to understand whether georeferenced tweets can be inferred as a
viable proxy for urban pedestrian traffic.
Using the location information of the active pedestrian sensors, an imaginary circular
buffer (catchment) area was drawn with a sensor at the centre of a circle. Similar spatial
querying was conducted before by [22] and [15, 16] in their studies of predicting pedestrian
volume across intersections in San Francisco and New York City respectively. This spatial
querying was performed to capture the number of precisely georeferenced tweets. The radius
of the circle was varied from 100 to 1500 metres in steps of 100 metres. Using point-in-polygon
analysis, each tweet was assigned to the pedestrian counter(s) in whose catchment area it
fell. Correlation was drawn between the observed pedestrian count in each sensor and tweet
count inside the catchment area of the same sensor, both at hourly and daily time intervals.
For the vehicular traffic data, the SCATS location nearest to each pedestrian sensor was
considered as the centre of a catchment circle and correlation was computed for the month
of March 2018 only. A sample illustration of the aforementioned method has been shown in
Figure 2.
The results of the correlation analysis between georeferenced tweet counts and pedestrian
counts are shown in Figure 3. It can be observed that there exists a clear hourly pattern
in the variation of correlation coefficient, while the daily pattern is less prominent. The
resultant magnitude of correlation coefficients reduces drastically in between 5 AM to 10 AM,
while remaining relatively high and statistically significant for the rest of the day. This could
be attributed to the fact that Twitter traffic starts increasing more rapidly after 7 AM and
reaches its peak quicker than pedestrian traffic, as observed from Twitter data of Melbourne
(shown in Figure 4) and Australia [20]. Another possible cause could be that streets that are
busy during those times do not cater to a lot of Twitter traffic (pedestrians not tweeting on
busy streets before starting work). This indicates that pedestrian activities that are more
tweet-productive, are found to be happening before 5 AM and after 10 AM. As far as days of
week are concerned, weekends exhibit a slightly improved positive correlation coefficient value
than weekdays. This maybe again attributed to the fact that weekend activities (which are
more interesting) are more tweet-productive than weekday activities and that tweet counts
are more reflective of actual pedestrian counts at places.
Also, the correlation coefficient varies significantly with the radius of the catchment
area. It can be observed in Figure 3 that the correlation coefficient gradually increases with
the increase in the radius of the circular catchment area, reaching its peak at 500 metres.
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Figure 2 Spatial querying for georeferenced tweets made between 10 AM and 11 AM inside the
study area (red triangular markers) using a circular buffer with radius 100, 500 and 1500 metres for
a randomly chosen sensor (blue round marker).

Interestingly, about 500 metres is the average walking range [1, 29, 33, 36, 28]. It then starts
to reduce: Larger catchment areas lead to overlaps of catchment areas, and of tweets counted
multiple times, thereby reducing the effectiveness of our experiment. The least correlation
was observed at 1500 metres radius.
On the other hand, the association between vehicular traffic and georeferenced Twitter
traffic appears to be substantially weaker. As shown in Figure 5, the magnitude of the
resultant correlation coefficients is relatively less as compared to the ones obtained from
pedestrian counts. Also, most of the coefficients are not statistically significant at 95%
confidence level. This comparison throws up anticipated and intuitive results. It is more
likely that tweets are made during a pedestrian activity as compared to a driving activity
as walking is often the final mode of reaching an activity location, from where, presumably,
the tweets originate. The results reaffirm this likelihood. Although there exists no binding
definition of what a pedestrian activity exactly means (or is limited to), the general consensus
is that it usually spans more than just the period of walking itself. On the contrary, vehicular
activity is more limited and is confined to only driving a vehicle or being a passenger in one.
While this experiment was aimed more at inferring correlation as opposed to causation
(which cannot be proven even with a statistically significant correlation coefficient), it adds
the aspect of novelty to this study by establishing the correlation, its magnitude and temporal
patterns, before proceeding to use tweets to measure pedestrian activity. Also, explanations
can be speculated by observing fair correlations which helps in hypothesis generation. Hence,
based on these findings, this study now argues with conviction that georeferenced tweet
counts may be used as a viable proxy for estimating pedestrian count under given conditions.
The following section aims at calculating errors arising while estimating pedestrian traffic
from georeferenced tweet counts.
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(a) With radius of catchment circle and hour of the day

(b) With radius of catchment circle and day of the week

Figure 3 Variation of correlation coefficient (georeferenced tweet counts and pedestrian counts);
dark blue points indicate the correlation is statistically significant at 95% confidence level.

4

Estimating pedestrian counts at existing sensor locations

Based on the findings from the first stage of this study, the second stage proposes to use
standard regression analysis to estimate pedestrian traffic using tweet counts. It aims to
investigate the one-to-one relationship between georeferenced tweet counts and pedestrian
counts. It describes, in detail, the methodology of handling the dataset and computing the
resultant errors obtained during estimation of pedestrian counts via regression in terms of
common regression metrics such as Mean Absolute Error (MAE) and Mean Absolute Percentage Error (MAPE). The only predictor variable used in regression is precisely georeferenced
tweet count.
Using georeferenced tweet counts as the predictor variable (on the x-axis), an attempt
was made to replicate its relationship with pedestrian counts, which is the predicted variable
(on the y-axis). For this purpose, standard regression modelling was employed. For each hour
of each day of the week (e.g., Thursday 1500 hours), a unique regression curve was developed,
thus resulting in a total of 168 curves (24 hours multiplied by 7 days). Since this study
is the first to investigate such one-to-one relationship between georeferenced tweet counts
and pedestrian counts, it was made sure that the chosen regression model is comparatively
better (in terms of standard regression metrics) and logical (non-overfitting) at the same
time. Hence, trial regression analyses were performed using linear, log-linear, quadratic
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(a) Hourly variation in pedestrian (b) Hourly variation in vehicular (c) Hourly variation in georefercount
count
enced tweet count

Figure 4 Variation in the City of Melbourne: (a) hourly pedestrian count per sensor, (b) hourly
vehicular count per sensor and (b) aggregate hourly tweet count.

and cubic models. Previous studies related to pedestrian count prediction have used either
linear or log-linear models to test statistical relationship between walkability measures and
pedestrian volume [31, 15, 16]. Although these models have lesser accuracy, these models do
not completely contradict this global behaviour, and hence either could be accepted as a
viable representation. Quadratic and cubic models exhibited lesser errors but were prone to
overfitting, and hence were not considered. The results of the regression analyses are shown
in Table 1. Mean hourly values of the regression metrics (R-squared, MAE and MAPE) are
obtained by taking arithmetic means of metric values over 168 cases (every hour of every day
of the week). The temporal variation of the regression metrics have been shown in Figure 6.

Table 1 Regression metrics for January-April 2018.

Regression
model

x-axis

y-axis

Linear

Georeferenced
tweet count
loge (Georeferenced
tweet count)

Pedestrian
count
Pedestrian
count

Log-linear

Mean
hourly
R-squared
0.426

Mean
hourly
MAE
192.6

Mean
hourly
MAPE
28.3

0.424

212.9

26.9

The performance of the mean hourly tweet count - mean hourly pedestrian count regression
curves obtained from this study were tested by applying the method to predict mean
pedestrian counts of a different time period. For this purpose, data from November 2017
was chosen as it was the nearest month available from our study period devoid of known
anomalies. They exhibit slightly greater estimation errors (linear: MAE = 274.3, MAPE
= 35.83 and log-linear: MAE = 292.0, MAPE = 34.43), which could be due to seasonal
variations in the tweet count - pedestrian count relationship that was not taken into account
due to absence of continuous tweet collection periods. Nevertheless, the errors and temporal
patterns are similar to the ones shown in Table 1 and Figure 6 respectively. Hence, the
regression curves obtained in this study are acceptable.
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(a) With radius of catchment circle and hour of the day

(b) With radius of catchment circle and day of the week

Figure 5 Variation of correlation coefficient (georeferenced tweet counts and vehicular counts);
dark blue points indicate the correlation is statistically significant at 95% confidence level.

5

Predicting pedestrian counts at locations without any pedestrian
count information

The third and final stage of this study is aimed at extrapolation of the developed methodology.
The intention to develop a transferable (temporally and spatially) and scalable pedestrian
count prediction methodology was based on the motive to predict pedestrian counts at high
temporal (hour of the day of the week) and spatial resolution (point on the urban road
network), even at locations without any pedestrian count information. The following method
helps in predicting the pedestrian counts at any point in an urban pedestrian road network,
given the date and time (at hourly granularity).
Pedestrian network data was obtained from OpenStreetMap using the bounding box
coordinates specified in Section 2.4. For a given hour of any given date, georeferenced
tweets were extracted from the AURIN dataset. Consequently, iterating over all edges of the
network, centered on the mid point of an edge spatial querying was conducted using a 500
metre search radius to extract the number of georeferenced tweets. These tweet counts were
associated with the corresponding edge. After obtaining the information on the queried hour
of the day and day of the week , iterating over all edges of the network, the corresponding
regression curve was referred to estimate the pedestrian count passing through an edge.
A sample illustration of the spatial querying process to estimate pedestrian counts using
georeferenced tweet counts for January 2, 2018 during 1000 to 1100 hours and the resultant
estimation of pedestrian counts have been shown in Figure 7.
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(a) Variation of MAE using linear regression with hour of the day and day of the week

(b) Variation of MAPE using linear regression with hour of the day and day of the week

Figure 6 Temporal patterns of regression metrics.

6

Discussion

The three stages of analysis reported in this study makes novel contributions by finding
moderate to high correlations between georeferenced tweet counts and pedestrian counts, and
then developing a scalable, transferable and non-data-intensive methodology for estimating
pedestrian counts from georeferenced tweet counts. Finally, using spatial querying, the study
predicted pedestrian counts at high temporal and spatial resolution at locations devoid of
sensors. Yet there are limitations of this study that need to be highlighted as well.
First, it was observed in Section 3 that the values of the resultant correlation coefficients
during 5 AM to 10 AM were relatively lower in magnitude and statistically insignificant.
Hence, predictions using regression curves during this time period are expected to be more
erroneous. This is apparent from Figure 6 where the MAE and MAPE can be observed to
reach high values (higher than the mean) during this time period, in most of the days. It
can be argued that this time period is not ideal for making pedestrian volume prediction
using georeferenced tweet counts alone.
Results in Section 4 showed that the proposed methodology produces significant estimation
errors in both the study dataset as well as in the testing dataset. While this study argues
about the benefits of employing a non-data-intensive approach to predict pedestrian counts in
Section 1.2, the magnitude of errors indicate the drawbacks. The regression curve generalises
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(a) Spatial querying for tweets (red triangular markers) using a circular buffer with
radius 500 metres for 2 randomly chosen edge
mid points (blue round markers)

(b) Edges of the network labelled as per
predicted pedestrian counts. Lighter colours
(yellow, green) indicate higher pedestrian
volume, while darker colours (blue, purple)
indicate lower pedestrian volume

Figure 7 Prediction of pedestrian counts using precisely georeferenced tweet counts by extrapolation during 1000 to 1100 hours on January 2, 2018.

all network segments with zero georeferenced tweet count as having one and the same
pedestrian volume equal to the intercept of the regression curve, which overestimates the
actual pedestrian volume in most cases. Furthermore, the betweenness centrality of the
edges of the network was calculated to tally the results with the pedestrian count predictions.
The dead ends, for example, have zero betweenness centrality but, it can be observed from
Figure 7 that the proposed method is not differentiating between through roads and dead
ends, in terms of pedestrian counts. These challenges will be addressed in a future study
by analysing other network attributes (data-intensive) such as road width, road hierarchy,
proximity to transit stops, number of Points-of-Interest which are proven factors known to
influence pedestrian demand, to produce more representative results.
The underlying assumption of this study was that the entire study area is homogeneous
in terms of every spatial attribute, apart from the spatial distribution of georeferenced
tweets. Thus it assumed a existing one-to-one relationship between georeferenced tweet
counts and pedestrian counts that varies temporally, but not spatially. The argument in
favour of this assumption is that this study was conducted in a relatively homogeneous area
in terms of land use. But the results indicate that this assumption is not robust, and there
are multiple possible reasons. The relationship between georeferenced tweet counts and
pedestrian counts is not independent of spatial variables. Different locations have different
tweet count - pedestrian count relationships depending on location type. For example, the
tweet productiveness of a railway station is possibly different from the tweet productiveness of
an event location, both in magnitude and in temporal patterns. While both may experience
pedestrian counts to the same degree, it is expected that an event will bring out greater
number of georeferenced tweets than the lesser interesting public transit, for the same number
of pedestrian counts. Hence, future work will address this shortcoming by incorporating the
spatial variation of the relationship between tweet productivity and land use.
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Finally, it must be noted that Twitter has removed the support for precise georeferencing
of tweets since June 2019. Thus, the proposed method is applicable only on historic datasets.
In terms of estimating pedestrian counts, this move impacts on any real-time interests, but
long-term averages should not change quickly. To mitigate this, time-series modelling using
historic tweet counts can be applied to predict future tweet counts, which can be used for
predicting pedestrian counts using the same principle in future scenarios.

7

Conclusion and future work

Despite the highlighted limitations, this study contributes novel insights. The three-step
methodology remains transferable due to use of an omnipresent data source. It can be applied
if acceptable correlations are achieved. However, the regression equations in our case study
will not hold true for another study area and need to be re-calculated for a different study
area. Also, the size of the study area can be increased or decreased without any change in the
methodology, with intuitive variations in estimation accuracy. Yet, analysis at micro-level
and homogeneous land-use will need some strict assumptions. Also, a study area that is too
small will have fewer geotagged tweets. Lastly, we attempted to mitigate population disparity
between indoor spaces and adjoining outdoor spaces. We made justifiable assumptions that
populated indoor spaces indicate popularity in its adjoining outdoor space, given a space-time
buffer. Thus, we placed a 1-hour time buffer and a 500m radius distance buffer around
pedestrian counters to capture tweets. We assume to catch most of the tweets and pedestrians
in the same buffer although some exceptions will always be there. This uncertainty flattens
out as the study area grows in size. Not only does this study investigate the nature of existing
correlation, but also proposes an approach to estimate pedestrian counts from georeferenced
tweet counts, even at places devoid of pedestrian sensors. By doing so, this study shows the
extent to which this non-data-intensive approach can predict pedestrian counts (in terms of
estimation errors) and thus brings out the limitations of such an approach, which need to be
addressed in future to achieve more accurate and representative results.
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Abstract
Measures of spatial autocorrelation like Moran’s I do not take into account information about the
reliability of observations. In a context of mobile sensors, however, this is an important aspect to
consider. Mobile sensors record data asynchronously and capture different contexts, which leads to
considerable heterogeneity. In this paper we propose two different ways to integrate the reliability
of observations with Moran’s I. These proposals are tested in the light of two case studies, one
based on real temperatures and movement data and the other using synthetic data. The results
show that the way reliability information is incorporated into the Moran’s I estimates has a strong
impact on how the measure responds to volatile available information. It is shown that absolute
reliability information is much less powerful in addressing the problem of differing contexts than
relative concepts that give more weight to more reliable observations, regardless of the general degree
of uncertainty. The results presented are seen as an important stimulus for the discourse on spatial
autocorrelation measures in the light of uncertainties.
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Introduction

Recent technological advances accompanied by price reductions of sensor hardware have
propelled the emergence of mobile sensor networks. Mobile sensor data is widely collected
using smartphones [27, 56], sensor-equipped cars and public transport vehicles [31, 28],
boats [2], animals [52], or semi-stationary objects like buoys [33]. Such mobile sensors make
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Moran’s I in the Context of Uncertain Mobile Sensor Measurements

it possible to increase the spatial coverage of data collection while deploying relatively few
additional devices compared to static sensor networks [15, 44]. Mobile sensors hence allow
monitoring of our social and physical environments at a so far unprecedented scale.
Increasing the spatial coverage of sensor networks using mobile instead of static devices
can entail a loss of homogeneity in the collected data. Mobile measurements are often
recorded at different locations, at different points in time, and in an asynchronous mode.
They thus capture differing contextual conditions [38]. Mobile sensor data therefore may
represent different processes of dynamic geographic phenomena. For instance, measuring
air temperature at different times of the day may result in collecting samples representative
of different processes such as urban heating at midday or cooling at night due to atmospheric radiation losses into outer space. Such processes may behave very differently in
varying geographic regions despite involving the same phenomenon. Respective sensed data
may therefore be characterised by differing mean levels, dispersal mechanisms, and spatial
structures.
The outlined variations can distort the interpretation of measures and statistics obtained
from mobile sensor data. One example for this is the assessment of spatial autocorrelation,
which can be described as the quantification of spatial interaction, or as the “coincidence of
value similarity with locational similarity” [4, p. 241]. Computing the popular Moran’s I
index [43], for instance, establishes a relation between geographically close observations.
The statistic is thus highly sensitive to asynchronously sensed value pairs attached with
uncertainty, in particular when no or little prior knowledge is available about the underlying
processes. Novel ways are thus needed to incorporate this kind of uncertainty attached to
sensor measurements in the estimation of spatial measures.
This paper puts forward two approaches for estimating Moran’s I using uncertain mobile
measurements. Both approaches presented make use of weights reflecting the certainty
attached to pairs of sensor measurements. The certainty measures used are calculated
through a non-parametric probabilistic forecast of the measured values, with the underlying
model being constantly refitted from incoming sensor data. The certainty factors obtained
this way are then included in Moran’s I through two different kinds of matrices of pair-wise
terms, which rescale the spatial weights used in the statistic. The advantages of using
empirical forecasts to quantify uncertainty are that the temporal correlation does not have
to be modeled explicitly, that it allows treating problems that do not fall into a geostatistical
category (where we could model the spatio-temporal dependencies explicitly) and that it
naturally captures both uncertainties arising from the measured phenomenon itself as well as
from the sensors in use. We evaluate our concepts by applying them to two case studies: One
study contains data from sensor-equipped cars measuring air temperature in Switzerland
over a three day period, whereas the second one is based on controlled, synthetic data. The
latter study is used to investigate the capacity of our introduced certainty matrices to also
outweigh non-stationarity, that is, a temporally varying spatial process.

2
2.1

Related Work
Spatial Non-Stationarity

One characteristic causing uncertainty is spatial non-stationarity. This may be reflected in
variation in the mean, the variance, or higher-order moments. Ord & Getis have recently put
forward a measure called Local Spatial Heteroscedasticity (LOSH) [48, 72, 22]. It quantifies
spatially inhomogeneous variation allowing to disclose spatial boundaries separating regimes
and to characterise the internal stability of clusters [1]. Westerholt et al. [68] have modified
LOSH towards an entirely local test for identifying the role of spatial structure in local variance
characterisations. Varying mean levels are commonly investigated using residuals above
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trend surfaces [7, 25], defining the mean as a function of the coordinates levelling out spatial
trends. Some kinds of data lead to non-stationarity, for instance, through uncontrolled data
acquisition procedures. One example for this is georeferenced social media data. Such data
are prone to uncertainty because people contribute in different ways simultaneously, including
varying cognitive (e.g., [54, 66]), demographic (e.g., [65, 57]), idiosyncratically subjective
(e.g., [12, 29]), and other factors pertaining to spatial perception and communication. Recent
works have investigated the impact of this uncontrolled uncertainty on the estimation of
spatial structure, and initial proposals were made to address related issues [69, 70, 67].

2.2

Spatiotemporal Autocorrelation

Uncertainty can enter estimations temporally, for example, when phenomena are not stable
over time. The notion of spatial autocorrelation is a way to address this issue. One
way to achieve this is to incorporate explicitly temporal notions of autocorrelation in the
calculation of spatial measures. First discussed by [11] and [41], various approaches to measure
spatiotemporal autocorrelation have been proposed, such as [37], who incorporate temporal
trends through time-lagged correlation measures into the calculation of Moran’s I. Another
approach is to estimate Moran’s I using spatiotemporal weight matrices, with exemplary
studies including [16], who focus explicitly on how to build such matrices; [30], who, focusing
on the related concept of geographically weighted regression (GWR), construct weight
matrices from spatiotemporal (x, y, t)-coordinates; and [35], who, based on the assumption
that spatiotemporal effects can be calculated as a product of spatial and temporal effects,
integrate the according weights in a combined matrix, and compute both global and local
spatiotemporal Moran’s I. A slightly different approach is taken by [53], whose approach
eliminates certain time effects by temporally detrending spatially referenced time series.

2.3

Investigation of Rates

Rate variables are commonly attached with varying uncertainty levels. This is caused
by varying underlying populations like populations at risk or varying numbers of people
counted in aggregation units [63, 64]. Rates have a higher propensity of being extreme
when the underlying reference quantity is small [5]. In order to correct for these distortions,
several approaches have been proposed including empirical Bayes correction [17, 40, 5, 32],
omission of local population sizes by re-basing rates on the overall population size [46], and
weighting deviations of residual rates by the inverse of the size of the local population at
risk [62]. Methodically, our approach proposed below is closest to the adjustment proposed
by Waldhör [62], but we focus on a different kind of uncertainty in this paper.

3

Methodology

3.1

Assumptions

Our work presented below is based on certain assumptions concerning our uncertainty
assessment and the spatial method Moran’s I that we modify. Let oil and ojm be elements of
a set of observations O of a spatial phenomenon Q taken at geographic locations i and j, and
at different points in time tl and tm , respectively. The following assumptions are assumed to
hold true for the remainder:
Observations O obtained from mobile sensors provide an incomplete representation of
the phenomenon Q studied.
A higher spatial coverage of observations O of Q can lead to an improved representation
of Q, even if taken at different points in time.
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The certainty uoil ,ojm shared between two observations depends on the forecast horizon
∆tlm comprising a certain number of preceding observations. Predictions of the nearer
future are considered more certain than distant ones.
Phenomenon Q is assumed to show relatively stable spatial second-order characteristics
over the time points observed. This facilitates meaningful interpretation of Moran’s I.
Although Q is geostatistical in the case study example, our proposed solution is free
of model assumptions to ensure transferability to social science domains such as social
media analysis or georeferenced surveys [6, 55].

3.2

Spatial Autocorrelation and Moran’s I

Tobler’s first law of geography states that “everything is related to everything else, but near
things are more related than distant things” [60, p. 234]. This characteristic can be utilised
for spatial interpolation, to detect pockets of non-stationarity, or to characterise spatial
heterogeneity [19]. Spatial autocorrelation operationalises this empirical law [42] to quantify
spatial associations [21] disclosing spatially clustered (positive), dispersed (negative), or
random behaviour (close to zero autocorrelation) [21]. A number of global and local measures
of spatial autocorrelation are available, including Moran’s I [43, 10, 3], Geary’s c [18, 3],
Rogerson’s R [50], and Getis and Ord’s G hotspot statistics [47, 23].
Moran’s I is often preferred over other measures because of its superior statistical power
properties and its robustness against unfavourable configurations of spatial units, that is,
outliers in the spatial weights matrix [9, 21]. Let xi be measured values with arithmetic
mean x̄. Moran’s I and its feasible range are then given as


n
P
wij (xi − x̄)(xj − x̄)


n
n
n
i,j6=i
I= P
, I∈
·
· λmin ,
· λmax 
n
n
n
n
 P
 . (1)
P
P
(xi − x̄)2
wij
wij
wij
i

i,j6=i

i,j6=i

i,j6=i

Matrix W holds spatial weights wij . These establish pairwise connections between the n
spatial units based on their inverse distance, spatial contiguity, or other characteristics [20].
The measure strongly depends on the spatial weights structure chosen [13, 59]. Therefore,
the range of I depends on the smallest and largest eigenvalues λmin and λmax of the centred
symmetric part of the spatial weights matrix given as (I − 11T /n)((1/2)(W + W T ))(I −
11T /n). Thereby, I is the n × n identity matrix and 1 denotes the n × 1 all-ones vector.
Values of global Moran’s I below its expected value E[I] = −1/(n − 1) indicate negative
spatial autocorrelation. Values for I larger than E[I] hint on the opposite case [43, 10].
We argue that the effects of observations oil and ojm made at different points in time of a
temporally non-static phenomenon Q should be explicitly considered in the calculation of the
global Moran’s I. Our approach consists of extending traditional Moran’s I with measures of
pair-wise certainty uoil ,ojm (abbreviated to uil,jm hereafter), which represent the influence of
past time intervals on the reliability of measurements. The measures of certainty that we
use are equivalent to projecting values observed at time tl to more recent points in time tm ,
and hence to their hypothetical re-measurement. We propose two different ways to include
pair-wise certainty measures in Moran’s I. Let ∆tlm denote a temporal forecast horizon. The
indicators proposed are then given as
n
P
1
I∆t
lm

= P
n
i,j6=i

n
wil,jm uil,jm

·

wil,jm uil,jm (oil − ō)(ojm − ō)

i,j6=i
n
P
(oi − ō)2
i

,

(2)
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wil,jm (1 + uil,jm − ū)(oil − ō)(ojm − ō)

i,j6=i
n
P
(oi − ō)2

.

(3)

i

In the indicator proposed in Equation 2 the spatial weights are rescaled proportional to the
joint certainties shared by neighboured locations. In practice, most weights will be affected,
but some weights more than others depending on their joint certainty. The terms uil,jm range
1
in the interval [0, 1]. Indicator I∆t
equals standard Moran’s I only when no uncertainty is
lm
1
present. In all other cases, I∆tlm shall be interpreted in the light of its feasible range given
in Equation 1 but with the eigenvalues of W substituted by those of the Hadamard product
Pn
W ◦ U and with the normalising factor replaced with n( i,j6=i wij uil,jm )−1 .
The second indicator defined in Equation 3 presumes that uncertainty is acceptable
as long as it is distributed evenly across the map. Whenever the joint certainty of two
observations is above average, their relative importance in the spatial analysis increases.
Analogously, when the mutual certainty of a pair of observations is below average, their joint
spatial weight is penalised. The terms 1 + (uil,jm − ū), with ū being the mean certainty
2
estimate, range in the interval [0, 2]. I∆t
equates to Moran’s I when either all certainties
lm
are close to their own average, or when there is at least a balance between above and below
1
average certainties in the map. Like with I∆t
, we shall consider the respective eigenvalue
lm
2
spectrum determining the feasible range of I∆t
to assess the impact of the uncertainty
lm
modelling proposed on the range of Moran’s I values.

3.3

Uncertainty Estimation using Empirical Prediction Intervals

We make use of the quantiles of empirical prediction intervals. Such intervals are a form
of probabilistic forecasting, expressing predictions of the future in the form of probability
distributions over all possible outcomes [24]. Empirical prediction intervals thus allow to
assign a degree of certainty (or uncertainty) to each of those potential events [34]. The
method is based on the historical forecast errors of an existing deterministic forecast [36, 71].
Empirical prediction intervals cannot be conditioned on known variables like model or
ensemble-based probabilistic forecasts. They are, however, straightforward and do not
require a priori assumptions about the distribution of random variables or the distribution of
forecast errors [36].
An empirical prediction interval can be constructed as follows [36]: Given observations
O = {Ot : t ∈ T} of a random process, with T being an interval of R describing a set of time
stamps [26], Oti is an observation at time ti . We say that all observations O with t < ti
are in the past of ti and all observations O with t > ti are in the future of ti . Now with
tn = ti + h, let
Ôtn ,h = f (Ot≤ti )

(4)

be the h-step deterministic forecast of Otn created at time ti = tn − h using a function f
utilising all observations that are in the past of or at time ti . Thus,
etn ,h = Otn − Ôtn ,h

(5)
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gives the forecast error for observation Otn with forecast horizon h. For k available forecast
errors et,h with forecast horizon h we define the forecast horizon specific empirical cumulative
distribution function as
F̂h (e) = k

−1

k
X

I(et,h ≤ e)

(6)

t=1

with e indicating a fixed threshold of some still acceptable error, and I(S) referring to the
indicator function of some set S [36]. This distribution allows to draw conclusions on the
uncertainty of the model. The deterministic forecast can then be enhanced by “dressing”
the error distribution around it. In order to smooth the empirical cumulative distribution
function, a kernel density estimation can be used.
Quantifying the pairwise joint certainty of the projection of past sensor observations to
the present time would require deriving the joint probability distribution of the prediction of
the two random variables involved. As we can not assume independence, this is not simply
the product of their individual probabilities. The derivation of joint CDFs of two dependent
variables can be achieved by assuming specific distributions or by using copula models [45].
We try to avoid both the complexity of copula models and the need to make rigid assumptions.
Instead, we use a method developed in [39] and [51] to estimate the (sharp) lower and upper
bounds bl (e) and bu (e) for the probability that the sum of two dependent random variables
exceeds a certain threshold e. Let X + Y be the sum of the forecast errors from two locations.
We are looking for bounds such that
bl (e) ≤ P (X + Y ≤ e) ≤ bu (e).

(7)

The bounds bl (e) and bu (e) define the possible range of the probability that the sum
of the error of two variables does not exceed a specified threshold. To be sure not to
overestimate this probability, we are interested in the the lower bound of the possible range
of P (X + Y ≤ e). This can be calculated by the equation given in [14]:
bl (e) = sup max{F1− (x) + F2− (e − x) − 1, 0},

(8)

x∈R

whereby X +Y is to be substituted for x. Equation 8 determines the lower stochastic bound bl
that represents the lowest probability with which the sum of two dependent random variables
exceeds a specified value e. For the calculation of a certainty measure, we calculate the
distributions of the absolute forecast errors of the oil , ojm . Xin and Xjn are then distributions
of absolute forecast errors for the projections of observations oil , ojm to a later point in time
tn . These distributions allow to estimate the joint uncertainty of both projected observations
by calculating the lowest probability that the sum of the absolute forecast errors is below a
specific threshold e:
uoil→n ,ojm→n = bl (e) ≤ P (X + Y ≤ e).

(9)

Finally, uoil→n ,ojm→n is the lowest probability that the sum of the absolute errors is below
the threshold e when projecting oil , ojm to tn . As described in Section 3.2 these terms are
used to rescale the spatial weights attached to pairs of sensor measurements oil , ojm when
calculating the extended versions of Moran’s I presented in Equations 2 and 3 at time tI = tn .
It is important to note that we take the lowest possible probability that the error is in an
acceptable range P (X + Y ≤ e) in order not to underestimate the joint uncertainty of two
measurements.
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Case Studies

We apply our proposed solutions to two case studies. The first one is based on real temperature
and mobility data, which we combined to engineer a dataset that could realistically have been
generated by mobile temperature sensors on cars, yet for which we know the ground truth
of the phenomenon (i.e., we know the temperature at every location and time in the study
area). The temperatures are obtained from the COSMO Regional Reanalysis Project2 [61].
They were measured hourly in the years 2007–2013 at 2 metres above the ground and are
available in a 0.018◦ cell grid, which in Central Europe corresponds to a spatial resolution
of about 2 × 2 km. We use these grid cells as discrete locations. For the mobility data,
we use car trajectories obtained from customers of a Mobility-as-a-Service offer operated
by the Swiss Federal Railways3 . We have thus cropped the temperatures to a subset of
320 × 150 cells covering Switzerland. Also, because the trajectories were recorded in 2016,
we have reset their timestamps to early July 2013 to match the temperatures available. We
further restricted the GPS points of the trajectories to one point per cell maximum in order
to harmonise the different spatial resolutions. Figure 1a illustrates the temperature data and
Figure 1b shows the number of samples in each grid cell in one month.
The second case study uses controlled synthetic data and introduces non-stationarity
by varying the scale of the generative spatial process, allowing us to study the potential
of probabilistic models to infer spatial autocorrelation of non-stationary phenomena (e.g.,
student location check-ins). We generate i = 1, . . . , 60 grids (representing 60 time intervals)
of 60 × 60 cells each (representing 3 600 spatial locations). The grids are populated using
Simple Kriging based on a Gaussian spatiotemporal variogram [8] with sill s = 1, nugget
n = 0, and a time-dependent range ri :



h2
γ(h, ri ) = (s − n) 1 − exp − 1 2
+ n.
(10)
3 ri
The range parameter is calculated using a sinusoidal function to simulate periodicity in
the level of autocorrelation as ri = 0.5 + |10 · sin (2i/2π)|, which is our way to impute
non-stationarity. The temporal correlatedness is modelled analogously to Equation 10 using
a temporal range of 1 (i.e., ri = 1, ∀i in the case of temporal correlatedness) and both the
spatial and temporal correlatedness are weighted with 50% each. The simulation of values
for individual cells is based on the approach outlined in [49, p. 27]: following a random
sequence through the grid, the conditional distribution (based on previously simulated values)
is calculated for each visited cell, and a new value is drawn from this distribution. In our
case, this distribution is always assumed to be Gaussian (as this represents a wide range
of naturally occurring phenomena and is a well-studied distribution), and the mean and
variance are taken from the Kriging interpolation estimate and error. Once all cells in a
grid i have been assigned a value, the process is repeated for grid i + 1. To simulate sensor
measurements, each grid is finally sampled at 25 random locations.
Both case studies exemplify two different forms of sensory data: The first one is arguably
the most well-known, where sensors sample temporally and spatially dependent phenomena
at single points in space and time. The second one could be seen as sampling the aggregated
movements of entities who periodically gather (e.g., students who go to campus during the
day and use a location-based service to “check-in” at certain locations). Within the context

2
3

This dataset can be retrieved from http://reanalysis.meteo.uni-bonn.de.
www.sbb-greenclass.ch
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(a) The temperature (in Kelvin) at 09:00 on the
2nd of July 2013.

(b) The number of temperature measurements in
July for each grid cell.

Figure 1 The temperature dataset used within this study. One can easily spot mountainous
regions, where the temperatures (in Kelvin) are lower. We sampled this dataset along various real
trajectories, leading to the measurements depicted in the right figure. Most samples can be found
along major traffic axes as well as in bigger cities such as Zurich, Bern or Lausanne.

of this work, those are the sensor types of primary interest: they sample a phenomenon with
unknown temporal dependency at different points in space and time. For both case studies,
pairwise uncertainty values uil,jm are needed. As described in Section 3.3, we construct
empirical prediction intervals from errors available at previous hours. We apply persistence
prediction, assuming a temperature value observed like oil to not have changed during ∆tln ,
so it would still be the same at that respective location i. In order to log our forecast errors,
whenever an observation is made at time tn in a certain raster cell i, we check if an earlier
persistence forecast is available for the respective time horizon (e.g., 2 hours into the future).
If this is not the case, a deterministic persistence forecast is made for this location and the
next 24 hours. Instead, if a forecast for this location and time horizon is available, we can
calculate the forecast error from the absolute difference of the forecasted (persistence) and
the actually measured value. Figures 2a and 2b illustrate errors and their distributions for
one point in time of the temperature dataset. The spatial weights matrix is constructed
from k-nearest-neighbour relations, whereby we use k = 5 (in combination with a 30-cell
maximum distance in case of the temperature case study) as threshold (primarily to reduce
the computational complexity), and a weighting function of 1/r (where r is the Euclidean
distance). Increasing k does not substantially change the outcomes of the case studies, while
decreasing it towards zero leads to non-interpretable results. As most of the associated
weights thus are zero, we use sparse matrix representations for all computations. We use
e = 3°C as a threshold for the tolerable error in the first case study and e = 0.5 in the second
case study for the calculation for the certainty values.

4

Results

As displayed in Figure 3, our results for the temperature case study show an improvement
in Moran’s I estimation when using the approach proposed in Equation 3 (shown in green)
compared to both the baseline, which only uses values sampled within the same hour (leading
to gaps when an insufficient number of samples is available), as well as to simply ignoring
different time intervals and confidence values (denoted by Moran’s I and shown in red in
Figure 3; this essentially considers all samples recorded during previous hours as if they
were recorded during the hour under investigation). The estimated values are consistently
higher than those using plain spatial weights, and thus closer to the ground truth calculated
from the measured temperatures (i.e., the non-sampled data shown in Figure 1a). The
results are particularly promising for time windows in the early morning hours, which follow
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(a) Marginal distributions of the forecast errors for
forecast horizons 1 ≤ h ≤ 5 hours.
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(b) Cumulative distribution function of the absolute
forecast errors at different horizons. The red dotted
line marks an exemplary threshold value e = 1.5°C.

Figure 2 Uncertainty and cumulative distribution functions of errors at different horizons for the
temperature dataset at t = 32.

Figure 3 Different versions of Moran’s I calculated for 45 hours of the temperature case study.
The ground truth indicator is calculated from the measured temperatures. The baseline approach is
based on forecasts using data from the respective previous hour only but without taking account of
time differences or certainty values. The gaps in the plot for the baseline are caused by data gaps in
the night time where no trajectories are available.
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periods without data availability. The latter occurs at night, when no drivers use cars from
the fleet and so there are no trajectories available. A look at the way Equation 3 contains
certainty information shows that the method is not susceptible to large increases or decreases
in the amount of available information, since it is based on reliability relative to the mean
confidence level. This relative notion of including certainty values means that the most
reliable observations are relied upon more than others, even if the overall average certainty of
the information available decreases. Similarly, the proposed method improves on the baseline
which heavily relies on a large number of samples and thus fails to provide an accurate
estimate during the night and in the morning hours.
The other method proposed in Equation 2 (shown in orange) also leads to an improvement
compared to the baseline, but not compared to the exclusive use of spatial weights. The
Moran’s I estimates shown in Figure 3 show that this method leads to a greater systematic
underestimation of actual spatial associations in the data. More importantly, this method
of incorporating certainty information is less stable and more volatile than the alternative
presented in Equation 3. The obtained Moran’s I values fluctuate more and show a more
erratic behaviour. One reason for this is that the method is much more prone to missing
information and simple prediction methods. The time windows after the nights described
above are much more affected by the lack of available information, which is reflected in
a sudden drop in Moran’s I values. The reason for this is the immediacy of the method.
Absolute rather than relative certainty information is used, and therefore a general decline
in the overall confidence in the available information has a direct effect on the Moran’s I
estimates. This is a major limitation of the approach presented in Equation 2.
The above paragraphs describe the behaviour of the proposed approaches when a spatial
pattern is present. Figure 4 shows the empirical distributions of Moran’s I generated by
Monte Carlo repetitions under spatial randomisations. For this purpose, the temperatures
were randomised within their respective time periods and then Moran’s I was repeatedly
calculated (n = 1000). The graph of z-score standardised values contains not only the
empirical distributions in the null hypothesis, but also the z-score standardized eigenvalues of
the underlying matrices (i.e., either W or W ◦ U ). The latter eigenvalues give an indication
of the shape of the distribution of Moran’s I values [58]. What we see is that the distribution
using Equation 3 has a slight right skew, which is indicated by the clustering of eigenvalues
on the left margin of the distribution. This may complicate the determination of p-values
and the interpretation of Moran’s I. The method from Equation 2 behaves more similar to
the usual spatial weights matrix, which is an advantage of this method.
The results obtained for the case study of synthetic observations indicate that both of our
approaches proposed in this paper are not suitable for dealing with non-stationarity (Figure 5).
Recall the temporal periodicity present in the level of autocorrelation in this case study,
implying that observations are not necessarily related over time. Therefore, disregarding

Figure 4 Histogram and density estimates of the null distributions for the different Moran’s I
values calculated for the temperature case study. The black bars at the bottom of each plot indicate
the locations of the eigenvalues of each of the corresponding matrices used to calculate the respective
measures.
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Figure 5 Different versions of Moran’s I calculated for two temporal periodic cycles of the
simulated data case study. All Moran’s I values are given in standardised form to facilitate the
readability of the figure. The bar at the top of the plot shows the simulated data.

certainty information of potential forecasts and simply using the baseline approach of only
taking into account samples taken during the same hour (resp. time interval) has led to the
best results for this case study, though also these are far from optimal (shown in blue in
Figure 5). This finding demonstrates the importance of complying with the assumptions of
Moran’s I. Otherwise, the non-stationarity may lead to the disclosure of spurious patterns,
which, in turn, may then lead to drawing wrong conclusions about geographic phenomena.

5

Conclusions

We put forward two ways of incorporating certainty information about sensor observations in
the estimation of Moran’s I. One of these approaches (Equation 2) uses an absolute notion of
incorporating raw certainty scores. The alternative approach (Equation 3) proposed is based
on the certainty of observations relative to others, that is, to the mean level of confidence
in forecasts. These approaches were applied to two case studies. One study uses real-world
temperatures and depicts one spatial process. The other one is based on synthetic values and
simulates a succession of temporally varying spatial processes, which is realised by alternating
the scale of the spatial patterns.
The results obtained show that using the best information available (relatively speaking)
and weighting them accordingly performs better than using only good information in an
absolute sense. The respective approach put forward in this paper (Equation 3) has, in comparison to ignoring time and reliability, led to a reduction of the systematic underestimation
of Moran’s I. The other approach presented here (Equation 2) is volatile and depends strongly
on a sufficient amount of trustworthy data being available. These results are informative
for the wider scholarly discussion on how to incorporate uncertainty in spatial measures
like Moran’s I. For future research, we recommend using certainty measures that work in a
relative manner by giving more weight to those observations which are above-average reliable.
In practice, researchers may use more sophisticated forecasting mechanisms, which may lead
to further improvements like pushing Moran’s I closer to the ground truth reference. Another
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important result of this study is that it was shown that non-stationarity is a source of uncertainty that cannot be addressed by the approaches presented (or similar ones). This type of
uncertainty needs to be addressed differently and corresponding attempts should be targeted
in future research. Similarly, while the two presented case studies represent commonly found
phenomena, evaluating the methods on a wider range of sensor measurements and synthetic
data is required to further understand the impact of uncertainties arising due to different
spatial and temporal distributions and individual (inaccurate or faulty) sensors.
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sufficient training data, the optimal model for a particular problem can be learned. However, this is
usually not the case and so instead the model is either learned from scratch from a limited amount of
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fundamental rules as to how things are distributed on the surface of the Earth and these rules do not
vary substantially between locations. Based on this, we develop a novel feature pooling method for
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1

Introduction

Research in remote sensing has been steadily increasing since it is an important source for
Earth observation. Overhead imagery can easily be acquired using low-cost drones and no
longer requires access to expensive high-resolution satellite or airborne platforms. Since
the data provides convenient and large-scale coverage, people are using it for a number of
societally important problems such as traffic monitoring [20], land cover segmentation [16],
building extraction [10, 37], geolocalization [31], image retrieval [27], etc.
Recently, the analysis of overhead imagery has benefited greatly from deep learning
thanks to the significant advancements made by the computer vision community on regular
(non-overhead) images. However, there still often remains challenges when adapting these
deep learning techniques to overhead image analysis, such as the limited availability of labeled
overhead imagery, the difficulty of the models to generalize between locations, etc.
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Annotating overhead imagery is labor intensive so existing datasets are often not large
enough to train effective convolutional neural networks (CNNs) from scratch. A common
practice therefore is to fine-tune an ImageNet pre-trained model on a small amount of
annotated overhead imagery. However, the generalization capability of fine-tuned models is
limited as models trained on one location may not work well on others. This is known as
the cross-location generalization problem and is not necessarily limited to overhead image
analysis as it can also be a challenge for ground-level imagery such as cross-city road scene
segmentation [9]. Deep models are often overfit due to their large capacity yet generalization
is particularly important for overhead images since they can look quite different due to
variations in the seasons, position of the sun, location variation, etc. For regular image
analysis, two widely adopted approaches to overcome these so-called domain gaps include
domain adaptation [11, 12, 33–35] and data fusion. Both approaches have been adapted by
the remote sensing community [2] to improve performance and robustness.
In this paper, we take a different, novel approach to address the domain gap problem.
We exploit the fact that things are not laid out at random on the surface of the Earth and
that this structure does not vary substantially between locations. In particular, we pose the
question of how prior knowledge of this structure or, more interestingly, how the fundamental
rules of geography, might be incorporated into general CNN frameworks. Inspired by work
on physics-guided neural networks [14], we develop a framework in which spatial hotspot
analysis informs the feature map pooling. We term this geo-constrained pooling strategy
Getis-Ord G∗i pooling and show that it significantly improves the semantic segmentation of
overhead imagery particularly in cross-location scenarios. To our knowledge, ours is the
first work to incorporate geo-spatial knowledge directly into the fundamental mechanisms
of CNNs.
Our contributions are summarized as follows:
1. We propose Getis-Ord G∗i pooling, a novel pooling method based on spatial Getis-Ord G∗i
analysis of CNN feature maps. Getis-Ord G∗i pooling is shown to significantly improve
model generalization for overhead image segmentation.
2. We establish more generally that using geospatial knowledge in the design of CNNs can
improve the generalizability of the models.

2

Related Work

Semantic segmentation. Fully connected neural networks (FCN) were recently proposed
to improve the semantic segmentation of non-overhead imagery [19]. Various techniques
have been proposed to boost their performance, such as atrous convolution [5–7, 40], skip
connections [25] and preserving max pooling index for unpooling [3]. And, recently, video has
been used to scale up training sets by synthesizing new training samples [42]. Remote sensing
research has been driven largely by adapting advances in regular image analysis to overhead
imagery. In particular, deep learning approaches to overhead image analysis have become
a standard practice for a variety of tasks, such as land use/land cover classification [16],
building extraction [37], road segmentation [22], car detection [8], etc. More literature can
be found in a recent survey [41]. And various segmentation networks have been proposed,
such relation-augmentation networks [23] and ScasNet [18]. However, these methods only
adapt deep learning techniques and networks from regular to overhead images–they do not
incorporate geographic structure or knowledge.

X. Deng, Y. Tian, and S. Newsam

3:3

Knowledge guided neural networks. Analyzing overhead imagery is not just a computer
vision problem since the principles of the physical world such as geo-spatial relationships can
help. For example, knowing the road map of a city can improve tasks like building extraction
or land cover segmentation. While there are no works directly related to ours, there have been
some initial attempts to incorporate geographic knowledge into deep learning [4, 39]. Chen et
al. [4] develop a knowledge-guided golf course detection approach using a CNN fine-tuned
on temporally augmented data. They also apply area-based rules during a post-processing
step. Zhang et al. [39] propose searching for adjacent parallel line segments as prior spatial
information for the fast detection of runways. However, these methods simply fuse prior
knowledge from other sources. Our proposed method is novel in that we incorporate geospatial rules into the CNN mechanics. We show later how this helps regularize the model
and leads to better generalization.
Pooling functions. A number of works have investigated different pooling methods for
image classification and segmentation tasks. The Lp norm has been proposed to extend max
pooling where intermediate pooling functions are manually selected between max and average
pooling to better fit the distribution of the input data. [17] generalizes pooling methods by
using a learned linear combination of max and average pooling. Detail-Preserving Pooling
(DPP) [26] learns weighted summations of pixels over different pooling regions. Salient pixels
are considered more important and thus given higher weighting. Strided convolution has been
used to replace all max pooling layers and activation functions in a small classification model
that is trained from scratch and has shown to improve performance [30]. Strided convolution
is common in segmentation tasks. For example, the DeepLab series of networks [6, 7] use
strided convolutional layers for feature down-sampling rather than max pooling. To enhance
detail preservation in segmentation, a recent polynomial pooling approach is proposed in [36].
However, all these pooling methods are based on non-spatial statistics. We instead incorporate
geo-spatial rules/knowledge to perform the pooling and downsampling.

3

Methods

In this section, we investigate how geo-spatial knowledge can be incorporated into standard
deep CNNs. We discuss some general rules from geography to describe geo-spatial patterns
on the Earth. Then we propose using Getis-Ord G∗i analysis, a common technique for
geo-spatial clustering, to encapsulate these rules. This then informs our pooling function
which is general and can be used in most network architectures.

3.1

Getis-Ord G∗i pooling (G-pooling)

We take inspiration from the well-known first law of geography: everything is related to
everything else, but near things are more related than distant things [32]. While this rule is
very general and abstract, it motivates a number of quantitative frameworks that have been
shown to improve geospatial data analysis. For example, it motivates spatial autocorrelation
which is the basis for spatial prediction models like kriging. It also motivates the notion of
spatial clustering wherein similar things that are spatially nearby are more significant than
isolated things. Our proposed framework exploits this to introduce a novel feature pooling
method which we term Getis-Ord G∗i pooling.
Pooling is used to spatially downsample the feature maps in deep CNNs. In contrast
to standard image downsampling methods which seek to preserve the spatial envelope of
pixel values, pooling selects feature values that are more significant in some sense. The most
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Sliding window

Input feature maps:

Max pooling:

!-pooling:

Figure 1 Given a feature map as an input, max pooling (top right) and the proposed G-pooling
(bottom right) produce different downsampled output feature maps. G-pooling exploits spatial
clusters of input feature map values. For example, the feature map within the sliding window (dotted
blue line) indicates a spatial cluster. Max pooling takes the max value ignoring the spatial cluster,
while our G-pooling takes the interpolated value at the center location. (White, gray and black
represent three ranges of feature map values, from low to high.)

standard pooling method is max pooling in which the maximum feature value in a window
is propagated. Other pooling methods have been proposed. Average pooling is an obvious
choice and is used in [13, 38] for image classification. Strided convolution [15] has also been
used. However, max pooling remains by far the most common as it has the intuitive appeal
of extracting the maximum activation and thus the most prominent features.
However, we postulate that isolated high feature values might not be the most informative
and instead develop a method to propagate clustered values. Specifically, we use a technique
from geostatistics termed hotspot analysis to identify clusters of large positive values and
then propagate a representative from these clusters. Hotspot analysis uses the Getis-Ord
G∗i [24] statistic to find locations that have either high or low values and are surrounded
by locations also with high or low values. These locations are the so-called hotspots. The
Getis-Ord G∗i statistic is computed by comparing the local sum of a feature and its neighbors
proportionally to the sum of all features in a spatial region. When the local sum is different
from the expected local sum, and when that difference is too large to be the result of random
noise, it will lead to a high positive or low negative G∗i value that is statistically significant.
We focus on locations with high positive G∗i values since we want to propagate activations.

3.2

Definition

We now describe our G-pooling algorithm in detail. Please see Figure 1 for reference. Similar
to other pooling methods, we use a sliding window to downsample the input. Given a feature
map within the window, in order to compute its G∗i , we first need to define the weight matrix
based on the spatial locations.
We denote the feature values within the sliding window as X = x1 , x2 , ..., xn where n
is the number of pixels (locations) within the sliding window. We assume the window is
rectangular and compute the G∗i statistic at the center of the window. Let the feature value
at the center be xi . (If the center does not fall on a pixel location then we compute xi
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as the average of the adjacent values.) The G∗i statistic uses weighed averages where the
weights are based on spatial distances. Let px (xj ) and py (xj ) denote the x and y positions
of feature value xj in the image plane. A weight matrix w that measures the Euclidean
distance on the image plane between xi and the other locations within the sliding window is
then computed as
q
wi,j = (px (xi ) − px (xj ))2 + (py (xi ) − py (xj ))2 .
(1)
The Getis-Ord G∗i value at location i is now computed as
Pn
Pn
j=1 wi,j xj − X̄
j=1 wi,j
∗
Gi = r Pn
.
Pn
2
[n
wi,j −(
wi,j )2 ]
j=1
j=1
S
n−1
where X̄ and S are as below,
Pn
j=1 xj
X̄ =
,
n
sP
S=

n
j=1

n

x2j

− (X̄)2 .

(2)

(3)

(4)

Spatial clusters can be detected based on the G∗i value. The higher the value, the more
significant the cluster is. However, the G∗i value just indicates whether there is a spatial
cluster or not. To achieve our goal of pooling, we need to summarize the local region of
the feature map by extracting a representative value. We use a threshold to do this. If the
computed G∗i is greater than or equal to the threshold, a spatial cluster is detected and the
value xi is used for pooling; otherwise the maximum value in the window is used:
(
xi
if G∗i ≥ threshold
G − pooling(x) =
(5)
max(x) if G∗i < threshold
G∗i is in range [-2.8,2.8] for our particular range of feature map values. A positive value
indicates a hotspot which is a cluster of positive values, a negative value indicates a coldspot
which is a cluster of negative values, and values near zero indicate scatter. The absolute
value |G∗i | indicates the significance of the cluster. For example, a high positive G∗i value
indicates the location is more likely to be a spatial cluster of high positive values.
The output feature map produced by G-pooling is G-pooling(X) which results after sliding
the window over the entire input feature map. We experiment with three threshold values:
1.0, 1.5, 2.0. A higher threshold value results in fewer spatial clusters and so max pooling
will be applied more often. A lower threshold value results in more spatial clusters and so
max pooling will be applied less often. As the threshold ranges from 1.0 to 1.5 to 2.0, fewer
spatial clusters/hotspots will be detected. We find that a threshold of 2.0 results in few
hostpots being detected and max pooling primarily being used.

3.3

Network Architecture

A pretrained VGG network [29] is used in our experiments. VGG has been widely used as
a backbone in various semantic segmentation networks such as FCN [19], U-net [25], and
SegNet [3]. In VGG, the standard max pooling is a 2×2 window size with a stride of 1. Our
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Figure 2 FCN network architecture with G-pooling.

proposed G-pooling uses a 4×4 window size with a stride of 4. Therefore, in standard pooling,
the feature maps are reduced by a factor of 2, while in our G-pooling, they are reduced by a
factor of 4. A larger window is used in our proposed G-pooling since Getis-Ord G∗i analysis
is not as meaningful for small regions. However, we evaluated the scenario in which standard
pooling is also performed with a 4 × 4 sliding window and the performance is only slightly
different from using a standard 2 × 2 window. In general, segmentation networks using
VGG16 as the backbone have 5 max pooling layers, each of which downsamples by a factor of
2. So, when we replace max pooling with our proposed G-pooling, our architecture has two
G-pooling and one max pooling layers in order to produce the same sized final feature map.
Table 1 Training and test data are from the same location. These results are for a FCN using
VGG-16 as the backbone. Stride conv, P-pooling and our approach, G-pooling, are used to replace
the standard max/average pooling. The per class results are reported as IoU. mIoU is the average
across classes. Pixel Acc. is the overall pixel accuracy. Higher is better for all results.
Potsdam
Methods
Max
Average
Stride
P-pooling
G-pooling-1.0 (ours)
G-pooling-1.5 (ours)
G-pooling-2.0 (ours)

Roads
70.62
69.34
67.22
71.97
68.59
70.06
70.99

Buildings
74.28
74.49
73.97
75.55
77.39
76.12
74.89

Low Veg.
65.94
63.94
63.01
66.80
67.48
67.67
65.34

Trees
61.36
60.06
60.09
62.03
55.56
62.12
61.57

Cars
61.40
60.28
59.39
62.39
62.18
63.91
60.77

mIoU
66.72
65.62
64.74
67.75
66.24
67.98
66.71

Pixel Acc.
79.55
78.08
77.54
81.02
79.43
81.63
79.46

70.63
70.54
68.36
71.06
72.15
71.61
71.09

80.42
79.86
77.65
80.52
79.69
78.74
78.88

51.57
50.49
49.21
51.70
53.28
48.18
50.62

70.12
69.18
67.34
70.93
70.89
68.53
68.32

55.32
54.83
53.29
53.65
53.72
55.64
54.01

65.61
64.98
63.17
65.57
65.95
64.54
64.58

81.88
79.98
79.44
82.44
81.78
80.42
80.75

Vaihingen
Max
Average
Strde conv
P-pooling
G-pooling-1.0 (ours)
G-pooling-1.5 (ours)
G-pooling-2.0 (ours)
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Experiments
Dataset

ISPRS dataset. We evaluate our method on two image datasets from the ISPRS 2D
Semantic Labeling Challenge [1]. These datasets are comprised of very high resolution aerial
images over two cities in Germany: Vaihingen and Potsdam. While Vaihingen is a relatively
small village with many detached buildings and small multi-story buildings, Potsdam is a
typical historic city with large building blocks, narrow streets and dense settlement structure.
The goal is to perform semantic labeling of the images using six common land cover classes:
buildings, impervious surfaces (e.g. roads), low vegetation, trees, cars and clutter/background.
We report test metrics obtained on the held-out test images.
Vaihingen. The Vaihingen dataset has a resolution of 9 cm/pixel with tiles of approximately
2100 × 2100 pixels. There are 33 images, for which 16 have a public ground truth. Even
though the tiles consist of Infrared-Red-Green (IRRG) images and DSM data extracted from
the Lidar point clouds, we use only the IRRG images in our work. We select five images for
validation (IDs: 11, 15, 28, 30 and 34) and the remaining 11 for training, following [21, 28].
Potsdam. The Potsdam dataset has a resolution of 5 cm/pixel with tiles of 6000 × 6000
pixels. There are 38 images, for which 24 have public ground truth. Similar to Vaihingen, we
only use the IRRG images. We select seven images for validation (IDs: 2_11, 2_12, 4_10,
5_11, 6_7, 7_8 and 7_10) and the remaining 17 for training, again following [21, 28].

4.2

Experimental Settings

We first compare our G-pooling to standard max-pooling, average-pooling, strided convolution
and the recently proposed P-pooling [36], all using an FCN semantic segmentation network
with a VGG backbone. We later perform experiments using other semantic segmentation
networks. We compare to max/average pooling as they are commonly used for downsampling
semantic segmentation networks that have VGG as a backbone. Strided convolution has
been used to replace max pooling in recent semantic segmentation frameworks such as the
DeepLab series [5–7] and PSPNet [40]. Detail preserving pooling (DPP) has also been used
to replace standard pooling in works such as DDP [26] and P-pooling [36]. We compare
to the most recent, P-pooling, as it has been shown to outperform other detail preserving
methods.

4.3

Evaluation Metrics

We have two goals in this work, the model’s segmentation accuracy and its generalization
performance. We report model accuracy as the performance on a test/validation set when the
model is trained using training data from the same location (the same dataset). We report
model generalizability as the performance on a test/validation set when the model is trained
using training data from a different location (a different dataset). In general, the domain
gap between the training and test/validation sets is small when they are from the same
location/dataset. However, cross-location/dataset testing can result in large domain shifts.
Model accuracy. The commonly used per class intersection over union (IoU) and mean
IoU (mIoU) as well as the pixel accuracy are adopted for evaluating segmentation accuracy.
IoU is commonly used to measure the performance in semantic segmentation. IoU is the
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Table 2 Cross-location evaluation. We compare the generalization capability of G-pooling with
domain adaptation using an AdaptSegNet model which exploits unlabeled data.
Potsdam → Vaihingen

Max-pooling
stride conv
P-pooling
Ours (G-pooling)
AdaptSegNet
Max-pooling
stride conv
P-pooling
Ours (G-pooling)
AdaptSegNet

Imp. Surf.
28.75
28.66
32.87
37.27
41.54
20.36
20.65
23.97
27.05
40.28

Buildings
51.10
50.98
50.43
54.53
40.74

Low Veg.
13.48
12.76
13.04
14.85
21.68

Vaihingen
24.51
23.22
27.66
29.34
37.97

Trees
56.00
55.02
55.41
54.24
50.45

Cars
25.99
24.81
25.60
27.35
36.87

mIoU
35.06
34.45
35.47
37.65
38.26

Pixel Acc.
47.48
46.51
48.94
55.20
57.73

→ Potsdam
19.19
9.71
16.57
8.73
14.03
10.30
33.57
9.12
46.11
15.87

3.65
8.32
12.07
16.01
20.16

15.48
15.50
19.61
23.02
32.08

45.32
42.28
44.98
45.54
50.28

area of overlap between the predicted segmentation and the ground truth divided by the
area of union between the predicted segmentation and the ground truth. This metric ranges
from 0–100% with 0% indicating no overlap and 100% indicating perfect overlap with the
ground truth. Therefore, higher IoU scores indicate better segmentation performance. We
compute IoU for each class as well as the mean IoU (mIoU) over all classes. Pixel accuracy
is simply the percentage of pixels labeled correctly.
Model generalizability. To evaluate model generalizability, we apply a model trained on
ISPRS Vahingen to ISPRS Potsdam (Potsdam→Vaihingen), and vice versa (Vaihingen→Potsdam).

4.4

Implementation Details

Implementation of G-pooling. The models are implemented using the PyTorch framework.
Max-pooling, average-pooling and strided convolution are provided in PyTorch, and we utilize
open-source code for P-pooling. We implement our G-pooling in C and use an interface to
connect to PyTorch for network training. We adopt an FCN [19] network architecture with
a pretrained VGG-16 [29] as the backbone. The details of the FCN using our G-pooling
can be found in Section 3.3. The results in Table 1 are reported using FCN with a VGG-16
backbone.
Training settings. Since the image tiles are too large to be fed through a deep CNN due to
limited GPU memory, we randomly extract image patches of size of 256×256 pixels as the
training set. Following standard practice, we only use horizontal and vertical flipping as data
augmentation during training. For testing, the whole image is split into 256 × 256 patches
with a stride of 256. Then, the predictions of all patches are concatenated for evaluation.
We train all our models using Stochastic Gradient Descent (SGD) with an initial learning
rate of 0.1, a momentum of 0.9, a weight decay of 0.0005 and a batch size of 5. If the
validation loss plateaus for 3 consecutive epochs, we divide the learning rate by 10. If the
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validation loss plateaus for 6 consecutive epochs or the learning rate is less than 1e-8, we stop
the model training. We use a single TITAN V GPU for training and testing. We observe that
G-pooling takes about twice the time for training and inference as standard max pooling.
Table 3 The average percentage of detected spatial clusters per feature map with different
thresholds.

5

Threshold

1.0

1.5

2.0

Potsdam
Vaihingen

15.87
14.99

9.85
10.44

7.65
7.91

Effectiveness of G-pooling

In this section, we first show that incorporating geospatial knowledge into the pooling function
of standard CNNs can improve segmentation accuracy even when the training and test sets
are from the same location. We then demonstrate that our proposed G-pooling results in
improved generalization by training and testing with different locations.
The performance of the various pooling options for when the training and test sets are
from the same location is shown in Table 1. For G-pooling, we experiment with 3 different
thresholds, 1.0, 1.5 and 2.0. The range of G∗i is [-2.8, 2.8]. As explained in Section 3.2,
a higher G∗i value results in increased max pooling. If we set the G∗i to 2.8 then only
max pooling is performed. Qualitative results are shown in Figure 3. The results of the
cross-location case are shown in Table 2.
Non-spatial vs geospatial statistics. Standard pooling techniques are non-spatial, for
example, finding the max/average value. Instead, our approach uses geospatial statistics
to discover how things are related based on their location. Here, we pose the question, “is
this knowledge useful for training and deploying deep CNNs?”. As mentioned in Section 3,
incorporating such knowledge has the potential to improve model generalizability. As shown
in Table 1, our approach outperforms P-pooling on most classes but not for all threshold
values, indicating that threshold selection is important. The qualitative results in Figure 3
show our proposed G-pooling results in less pepper-and-salt artefacts. In particular, there is
less noise inside the objects compared to the other methods. This demonstrates our proposed
G-pooling is better able to model the geospatial distributions and results in more compact
object predictions. The effect of the threshold on the number of spatial clusters that are
detected is shown in Table 3. As described in Section 3, higher threshold values result in
fewer clusters.
Domain adaptation vs knowledge incorporation. Table 2 compares the various pooling
functions to unsupervised domain adaptation (UDA) for the case when the training and
test sets are from different locations. We note that the UDA method AdaptSegNet [33]
uses a large amount of unlabeled data from the target dataset to adapt the model which
has been demonstrated to help generalization. Direct comparison with this method is
therefore unfair since the other methods do not exploit this unlabeled data. As shown in
Table 2, our proposed G-pooling achieves the best overall performance among the pooling
methods. For Potsdam→Vaihingen, G-pooling outperforms P-pooling by more than 2% in
mIoU. For Vaihingen→Potsdam, the improvement is even more significant at 3.41%. Our
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Figure 3 Qualitative results. White: impervious surfaces, blue: building, cyan: low vegetation,
green: trees, yellow: cars, red: clutter.

method even performs almost as well as domain adaptation using AdaptSegNet, especially
for Potsdam→Vaihingen where the gap is only 0.61%. Overall, these results confirm our
assertion that incorporating geospatial knowledge into the model architecture can improve
generalization performance. We note that our proposed G-pooling can be combined with
domain adaptation techniques, such as AdaptSegNet, to provide even better generalization.

6

G-pooling and state-of-the-art methods

In order to verify that our proposed G-pooling is able to provide improvement to state-ofthe-art segmentation approaches in addition to FCN, we select DeepLab [5] and SegNet [3]
as additional network architectures. As mentioned above, the models in Section 5 use FCN
as the network architecture and VGG-16 as the backbone. For fair comparison with FCN,
VGG-16 is also used as the backbone in DeepLab and SegNet.
DeepLab [5] uses large receptive fields through dilated convolution. For the baseline
DeepLab itself, pool4 and pool5 from the backbone VGG-16 are removed and the the dilated
conv layers with a dilation rate of 2 are replaced with conv5 layers. For the G-pooling
version, pool1 and pool2 are replaced with G-pooling and we keep pool3. Thus there are three
max pooling layers in the baseline and one G-pooling layer and one max pooling layer in
our proposed version. SegNet uses an encoder-decoder architecture and preserves the max
pooling index for unpooling in the decoder. Similar to Deeplab, there are 5 max pooling
layers in total in the encoder of SegNet so pool1 and pool2 are replaced with the proposed
G_pool1 and pool3 and pool4 are replaced with G_pool2, and pool5 is kept. This leads us to
use a 4 × 4 unpooling window to recover the spatial resolution where the original one is just
2 × 2. Thus there are two G-pooling and one max pooling layers in our SegNet version.
As can be seen in Table 4, G-pooling improves the model accuracy for Potsdam from 67.97%
to 68.33% for DeepLab. And the improvement on the generalization test Potsdam→Vaihingen
is even more obvious: G-pooling improves mIoU from 38.57% to 40.04% for DeepLab. Similar
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observations can be made for SegNet and FCN. For Vaihingen, even though the model
accuracy is not as high as the baseline, the difference is small. The mIoUs of our versions
of DeepLab, SegNet and FCN are less than 1% lower. We note that Vaihingen is an easier
dataset than Potsdam since it only contains urban scenes while Potsdam contains both urban
and nonurban. However, the generalizability of our model using G-pooling is much better.
When testing on Potsdam using a model trained on Vaihingen, FCN with G-pooling is able
to achieve 23.02% mIoU which is an improvement of 7.54%. The same observations can be
made for DeepLab and SegNet.
Table 4 Experimental results comparing w/o and w/ proposed G-pooling for the state-of-the-art
segmentation networks. Potsdam→Vaihingen indicates the model is trained on Potsdam and tested
on Vaihingen.

Network
DeepLab
SegNet
FCN

DeepLab
SegNet
FCN

7

G-Pooling
×
X
×
X
×
X
×
X
×
X
×
X

Potsdam
mIoU Pixel Acc.
67.97
81.25
68.33
80.67
69.47
82.53
70.17
83.27
66.72
79.55
67.98
81.63
Vaihingen
70.80
83.74
70.11
83.09
66.04
81.79
66.71
82.66
65.61
81.88
65.95
81.87

Potsdam→Vaihingen
mIoU
Pixel Acc.
38.57
58.47
40.04
63.21
35.98
53.69
39.04
56.42
35.06
47.48
37.65
55.20
Vaihingen→Potsdam
18.44
33.96
19.26
36.17
16.77
45.90
25.64
48.08
15.48
45.32
23.02
45.54

Discussion

Incorporating knowledge is not a novel approach for neural networks. Before deep learning,
there was work on rule-based neural networks which required expert knowledge to design the
network for specific applications. Due to the large capacity of deep models, deep learning
has become the primary approach to address vision problems. However, deep learning is a
data-driven approach which relies significantly on the amount of training data. If the model
is trained with a large amount of data then it will have good generalization. But the case is
often, particularly in overhead image segmentation, that the dataset is not large enough like it
is in ImageNet/Cityscapes. This causes overfitting. Early stopping, cross-validation, etc. can
help to avoid overfitting. Still, if significant domain shift exists between the training and test
sets, the deep models do not perform well. In this work, we propose a knowledge-incorporated
approach to reduce overfitting. We address the question of how to incorporate the knowledge
directly into the deep models by proposing a novel pooling method for overhead image
segmentation. But some issues still need discussing as follows.
Scenarios using G-pooling. As mentioned in section 3, G-pooling is developed using GetisOrd G∗i analysis which quantifies spatial correlation. Our approach is potentially therefore
specific to geospatial data and might not be appropriate for other image datasets. This is a
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general restriction of incorporating domain knowledge into machine learning models. GetisOrd G∗i provides a method to identify spatial clusters. The effect is similar to conditional
random fields/Markov random fields in standard computer vision post-processing methods.
However, it is different from them since the spatial clustering depends dynamically on the
feature maps and the geospatial location while post-processing methods rely only on the
predictions of the models.
Local geospatial patterns. Even though Getis-Ord G∗i analysis is typically used to detect
hotspots over larger regions than we are applying it to, it still characterizes local geospatial
patterns in a way that is informative for spatial pooling. Also, since we perform two G-pooling
operations sequentially to feature maps of decreasing size, the “receptive field” of our pooling
in the input image is actually larger. In particular, the first 4 × 4 pooling window is slid over
a 256 × 256 feature map, resulting in a feature map of size 64 × 64. This is input to the next
conv layer, after which a second G-pooling is applied, again using a 4 × 4 sliding window.
Tracing this back, this corresponds to a region of size 16 × 16 which is 1/16 of the whole
image along each dimension.
Limitations. There are some limitations of our investigation. For example, we did not
explore the optimal window size for performing the Getis-Ord G∗i analysis. We also only
considered one kind of spatial pattern, clusters. And, there might be better places than
pooling to incorporate geospatial knowledge into CNN architectures.

8

Conclusion

In this paper, we investigate how geospatial knowledge can be incorporated into deep learning
for geospatial image analysis through modification of the network architecture itself. In
particular, we replace standard pooling in CNNs with a novel pooling method motivated by
general geographic rules and computed using the Getis-Ord G∗i statistic. We investigate the
impact of our proposed method on semantic segmentation using an evaluation dataset. We
realize, though, that ours is just preliminary work into geospatial guided deep learning. In
the future, we will explore other ways to encode geographic rules so they can be incorporated
into deep learning models.
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Abstract
With the increasing amount of sensor data available online, it is becoming more difficult for users
to identify useful datasets. Semantic Web technologies can improve such discovery via meaningful
ontologies, but the decision of whether a dataset is suitable remains with the users. Users can be
aided in this process through the GEO label, which provides a visual summary of the standardised
metadata. However, the GEO label is not yet available for the Semantic Sensor Web. This work
presents novel rules for deriving the information for the GEO label’s multiple facets, such as user
feedback or quality information, based on the Semantic Sensor Network Ontology and related
ontologies. Thereby, this work enhances an existing implementation of the GEO label API to
generate labels for resources of the Semantic Sensor Web. Further, the prototype is deployed to
serverless cloud infrastructures. We find that serverless GEO label generation is capable of handling
two evaluation scenarios for concurrent users and burst generation. Nonetheless, more real-world
semantic sensor descriptions, an analysis of requirements for GEO label facets specific to the Semantic
Sensor Web, and an integration into large-scale discovery platforms are needed.
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Introduction

The amount of sensor data captured and accessible today is ever increasing, not least because
of the numerous sensing devices that are part of the Internet of Things, Smart Cities,
and the newest Earth observation satellites. The Group on Earth Observation’s (GEO)
Global Earth Observation System of Systems (GEOSS) [6] has attempted to make near
real-time environmental data and processing available to users in the form of a Spatial Data
Infrastructure (SDI) based on OGC Web Services and standards (cf. [14]. However, the
complexity of the task and the continued growth of sensor data means that this system
is, and probably will remain, an evolving work in progress. To improve user recognition
of geospatial datasets, to promote trust in datasets, and to assist users in the discovery of
suitable datasets, the GEO label was developed [18]. The original GEO label design, as
described by Lush [18], comprises several facets to convey the most relevant information to
users. The label, as a graphical representation for individual datasets in GEOSS, allows
users to compare complex metadata as well as objective and subjective quality information
to make an informed decision when selecting a dataset [19]. To integrate the GEO label with
geospatial catalogues and applications, the generation of the GEO label was encapsulated in
a RESTful Web API, the GEO label API 2 . This API creates labels in SVG format [8] and
other image and machine-readable formats for provided metadata documents or for links
to online documents; SVG is the primary format because of its flexibility for scaling and
because it enables interactivity, such as pop-ups or links for parts of the image. To transfer
the label’s usefulness to standardised sensor data, Nüst et al. [24] extended the GEO label
for the OGC Sensor Web Enablement [3] (SWE).
However, the GEO label is not used in production today, and its potential for improving
sensor data discovery is subsequently untapped. This can be traced back to three gaps,
namely a gap in (1) application of the GEO label to additional concepts and implementations
for interoperable data exchange, such as the Semantic Web3 , to grow the supported metadata
sources and increase coverage, (2) implementation of ready-to-use and scalable platforms for
integrating the label into existing services (APIs, portals) and their requirements, and (3)
adoption of the label by operators of online sensor data portals.
Regarding the first gap, we propose to extend the GEO label to include metadata from
the Semantic Sensor Web (SSW, [25]), which is an important infrastructure for sensor data
complementing OGC SWE. Janowicz et al. [14] describe how SDIs can be enhanced with a
transparent mapping to the Semantic Web, and the SSW connects the Semantic Web with
the OGC SWE suite of standards. The SSW offers a framework for enabling interoperability
and meaningful data integration, processing, and reasoning. In the SSW, the metadata
captured by ontologies provide a promising source of information for the GEO label, because
the information is meaningful and can be drawn from various linked resources. In turn, the
GEO label has the potential to improve data discovery in the vastness of geospatial sensor
datasets, whereby characteristics such as the lack of a singular inventory or the dynamic
structure of sensor webs represent key challenges [16]. Previous work [1, 15, 5] uses specialised
ontologies or queries to answer the discovery challenges in OGC SWE and the SSW, but no
existing approaches use a visual badge or label for improved data discovery in the Semantic
Web.

2
3

https://geolabel.net/api.html
https://en.wikipedia.org/wiki/Semantic_Web

A. Graupner and D. Nüst

4:3

Regarding the second gap, the generation of labels for data portals must serve two
different approaches depending on the platform. Demand is either small, intermittent, and
unpredictable, if labels are generated on demand with a discontinuous workload depending
on users in interactive sessions, or demand is schedulable in isolated but large bulk events, if
labels are generated and stored regularly for all available metadata. To serve both scenarios,
we propose to deploy the GEO label API to cloud computing infrastructures.
Finally, regarding the third gap, tackling such organisational or strategic issues is out of
scope for this work. Nevertheless, closing the former two gaps indirectly helps stakeholders
and operators of public or open infrastructures to adopt the label in practice.
The main contributions of this work are (1) creating a mapping between metadata
fields of the Semantic Sensor Web and the GEO label facets, (2) implementing a prototype
of this mapping which conforms to the GEO label API, and (3) evaluating the prototype
in serverless computing infrastructures with respect to intermittent and bulk generation of
labels. In the remainder of this work, we first identify suitable sources of information in
ontologies of the SSW and related ontologies. Then we evaluate existing GEO label API
implementations and different cloud computing providers to identify suitable base software
and cloud platforms for a prototypical implementation. Finally, we evaluate the prototype’s
performance. See the Supplement section for information about the software prototype, the
test data used, and online deployments of the prototype.

2

GEO label for the Semantic Sensor Web

The SSW’s main ontology is the Semantic Sensor Network Ontology (SSN, [12]). To create a
mapping between the SSN and the GEO label, we first evaluated the modular SSN for suitable
fields which can provide meaningful information for the different GEO label facets. This
evaluation included SSN’s core ontology SOSA (Sensor, Observation, Sample and Actuator)
and the SSN’s aligned modules, such as the Provenance Interchange Ontology (PROV-O)
[17]. Each of the over 50 classes and properties of SSN and SOSA and their aligned modules
(100+ classes an properties) was checked one by one against the eight facets of the GEO
label. Next, we extended the search to include ontologies often used in conjunction with SSN
starting from the SSN specification’s examples4 . From those, we adopted generic properties
for names and descriptions, e.g., using the Friend of a Friend ontology (FOAF) [4]. Finally,
we looked more broadly for ontologies on topics with a relation to until then not covered
facets using the Linked Open Vocabularies catalogue5 . This search lead eventually led to
the usage of the Dataset Usage Vocabulary (DUV) [10] and the Bibliographic Reference
Ontology (BiRO) [9].
For example, for the facet Producer Comments is set to available if a document contains
an rdfs:comment, because we can assume that such a comment stems from an entity involved
in the creation of the metadata record, for the facet Compliance with Standards, the mapping
checks if one of the used URIs contains w3.org and thereby denotes usage of a vocabulary
that underwent a development under the auspices of the Word Wide Web Consortium
(W3C), while for the mapping User Feedback an observation, sosa:Observation, must be
connected to a duv:UserFeedback based on the duv:hasUserFeedback property. However,
not all mappings are so open respectively direct or simple and allow different options. For
example, for the facet Producer Profile an SSNO class such as sosa:Sensor can be con4
5

https://www.w3.org/TR/vocab-ssn/#examples
https://lov.linkeddata.es/dataset/lov/
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nected to a prov:Agent using either prov:wasAttributedTo or prov:wasAssociatedWith
and the respective PROV subclasses, and for the facet Lineage Information any of the relations ssn:implements, ssn:implementedBy, or sosa:usedProcedure can connect a sensing
system with its procedure documentation.
Table 1 summarises the result of the manual process and briefly explains the reasoning
behind the chosen mapping. See Section 3.2 for the full details on the mapping and the
technical realisation. The table shows the ontologies, classes, and properties we identified as
suitable sources for the GEO label’s facets. The used ontologies and prefixes are listed in
Table 2. Note that we did not add new alignments between the SSN and other ontologies, as
that is beyond the scope of this work.

3
3.1

Serverless GEO label Generation
Serverless Computing

Serverless computing allows developers to deploy custom code in a shared infrastructure
[2], whereby the application is maintained in a scalable way by a platform provider. The
automated scaling enables both handling of large spikes of high demand and reducing costs
when there is little or no demand. These properties make serverless computing a good fit for
the GEO label generation usage scenarios. The GEO label generation can be deployed to a
serverless infrastructure quite easily, i.e., without a complex setup including multiple services
or a database, because each generation of a label is a relatively small, stateless, atomic
operation. The creation of a label externally only relies on the metadata sources for which
a label is requested. However, depending on the usage scenario, requests for labels can be
erratic and unpredictable. To demonstrate applicability of the prototype the evaluations were
conducted within the free tier of the following service providers: Google Cloud Run6 (GCR)
and Amazon Web Services (AWS) Lambda7 . A comparison of the costs, while relevant for
potential operators, is out of scope for this work.

3.2

GEO label API Implementation

The GEO label API is implemented in two software projects, one in Java and one in PHP8 .
In this work, the Java-based implementation is used because PHP is not supported by
the serverless computing providers and the PHP project is no longer maintained. The
rendering of the GEO label is based on an SVG template file. Labels are generated using
the template file according to XPath expressions [7], which detect the presence of certain
elements in a provided XML document. To use XPath, the RDF graph must be serialised in
RDF/XML. Both implementations support a bespoke JSON-based configuration file format,
which allows one to update the rules for transformations of metadata documents to labels
without changes to the source code and to deploy these updates to GEO label API instances
without updating the installation. To realise the conceptual mapping described above, we
created a new transformation file9 . The file is activated when the implementation is provided
as an RDF/XML document, i.e., if the XPath boolean(/*[local-name()='RDF']) testing
the document’s root element evaluates to true. Of note, the implementation of hoverover
and drilldown features lies beyond the scope of the proof-of-concept implementation.
6
7
8
9

https://cloud.google.com/run/
https://aws.amazon.com/lambda/
https://geolabel.net/implementations.html
See transformation file source at https://github.com/nuest/GEO-label-java/blob/master/server/
src/main/resources/transformations/transformerSSNO.json.

A comment provided within a sensor description is coming from the producer;
hoverover shows count and excerpt of comments.
At least one usage of sosa:Procedure, either directly, or for an SSN object via
one of ssn:implements, ssn:implementedBy, or sosa:usedProcedure; hoverover shows number and type of a procedures’ ssn:Input and ssn:Output

If URIs include w3.org, at least one ontology is by the W3C as the authority
for the Semantic Web.
An ssn:System has (a) the property ssn-system:qualityOfObservation or
(b) at least one property detailing a sensor’s capabilities (e.g., accuracy,
battery lifetime) identified via the relations ssn-system:hasSystemProperty,
ssn-system:hasOperatingProperty, or ssn-system:hasSurvivalProperty;
hoverover shows name(s) of available properties.
A SSN object has a property duv:hasUserFeedback connecting it with a
duv:UserFeedback or duv:RatingFeedback; hoverover shows counts of feedbacks and an statistics of categorical ratings.

A user feedback (see above) is qualified with a relation
prov:qualifiedAssociation describing the author’s role with prov:hadRole
as an expert, a role that is not specified within PROV-O but can be the literal
expert; for hoverover see User feedback

An SSN object, e.g., sosa:Observation, has a property biro:isReferencedBy
pointing to a piece of literature; hoverover shows count of references.

Producer
comments
Lineage
information

Standards
compliance
Quality
information

Expert
reviews

Citations
information

//*[duv:hasFeedback/duv:UserFeedback[
not(prov:qualifiedAssociation)]
or duv:hasFeedback/duv:RatingFeedback
] (partial expression)
//*[duv:hasFeedback/duv:UserFeedback/
prov:qualifiedAssociation/
prov:Association/prov:hadRole/prov:Role[
contains(rdf:about, ’expert’)]
] (partial expression)
//*[biro:isReferencedBy]

//*[ssn-system:hasSystemProperty
or ssn-system:hasOperatingProperty
or ssn-system:hasSurvivalProperty
or ssn-system:qualityOfObservation]

//*[ssn:implements or ssn:implementedBy
or sosa:usedProcedure or sosa:Procedure
or rdf:resource=
’http://www.w3.org/ns/sosa/Procedure’]
//*[contains(*, ’w3.org’)]

XPath1)
//*[rdf:Description[rdf:about=
//prov:wasAssociatedWith/rdf:resource
or rdf:about=
//prov:wasAttributedTo/rdf:resource
]/rdf:type[rdf:resource=
"http://www.w3.org/ns/prov#Organization"
or .../prov#Person"]] (partial expression)
//*[rdfs:comment]

1) Wrapping boolean(..) statements omitted; partial expressions show only one of multiple allowed statements combined with or; the full mapping
configuration is available at .

User
feedback

Availability & hoverover text
One SSN object (e.g., sosa:Sensor) has a responsible prov:Person
or prov:Organization associated using prov:wasAttributedTo or
prov:wasAssociatedWith; hoverover shows name(s) using foaf:name.

Facet
Producer
profile

Table 1 GEO label facets’ data sources in the Semantic Sensor Web.
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Table 2 Used ontologies and vocabularies with their prefixes, and namespaces.
Ontology/vocabulary
Resource Description Framework

Prefix
rdf

Resource Description Framework
Schema
Semantic Sensor Network Ontology
Sensor, Observation, Sampling and
Actuator
System
Capabilities
Module
(of SSN)
Provenance Interchange Ontology
Friend of a Friend Ontology
Dataset Usage Vocabulary
Data Catalog Vocabulary
Bibliographic Reference Ontology
Web Annotation Ontology

rdfs

Namespace
http://www.w3.org/1999/02/
22-rdf-syntax-ns#
http://www.w3.org/2000/01/rdf-schema#

ssn
sosa

http://www.w3.org/ns/ssn/
http://www.w3.org/ns/sosa/

ssn-system https://www.w3.org/ns/ssn/systems/
prov
foaf
duv
dcat
biro
oa

https://www.w3.org/ns/prov#
http://xmlns.com/foaf/0.1/
http://www.w3.org/ns/duv#
https://www.w3.org/ns/dcat#
http://purl.org/spar/biro/
http://www.w3.org/ns/oa#

Table 1 shows excerpts of the XPaths realising the conceptual mapping. The test data10
was created based on the example data for the SSN vocabulary11 , which was converted
to RDF/XML using two online converters for two varying serialisations into RDF/XML.
MyBluemix RDF Validator and Converter 12 uses rdf:resource attributes to define elements
at one level (Listings 1), whereas Easy RDF Converter 13 uses the class names as XML
elements and nests the objects (2). These examples illustrate the reason for the complexity of
the XPaths, which allow both options to serialise triples from an RDF graph in RDF/XML.
In GCR, the API can be deployed in a container, which allows one to run the whole
GEO label API with the existing Java Servlet14 . In AWS Lambda, however, the Java Servlet
application cannot be run, so a subset of the GEO label API was implemented with a bespoke
request handling class15 . This handler exposes the existing internal methods for generating
SVGs based on URLs to metadata documents provided by the API caller. Then, the API,
i.e., the request parameters and allowed HTTP methods, are configured in the Amazon API
Gateway. Figure 1 shows a GEO label rendered by the prototype implementation developed
as part of this work.

3.3

Performance Evaluation

Two usage scenarios were evaluated with an Apache JMeter16 scripted test plan17 . For all
API queries, the URL of the example RDF serialisation file MBC_all_factes_available_
ip68smartsensor.rdf hosted on GitHub is passed via the GET request query parameter
metadata to the SVG-generating endpoint of the respective API deployments. The responses

10

https://github.com/nuest/GEO-label-java/tree/master/testdata
https://www.w3.org/TR/vocab-ssn/#examples
12
http://rdfvalidator.mybluemix.net/
13
http://www.easyrdf.org/converter
14
https://en.wikipedia.org/wiki/Java_servlet
15
See code module lambda: https://github.com/nuest/GEO-label-java/tree/master/lambda
16
http://jmeter.apache.org/
17
JMeter test plan file GEO_Label_API.jmx and the result files are available online at https://github.
com/nuest/GEO-label-java/tree/master/misc/JMeterTests.
11
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Listing 1 Observation, converted with MyBluemix RDF Validator and Converter.
< rdf : Description
rdf : about =" http :// example . org / data / iceCore /12# observation " >
< sosa : hasSimpleResult
rdf : datatype =" http :// www . w3 . org /2001/ XMLSchema # integer " >
42
</ sosa : hasSimpleResult >
< sosa : observedProperty
rdf : resource =" http :// example . org / data / iceCore /12# CO2 "/ >
< prov : wasAssociatedWith
rdf : resource =" http :// example . org / data / Org / exampleOrg "/ >
< rdf : type
rdf : resource =" http :// www . w3 . org / ns / prov # Activity "/ >
< rdf : type
rdf : resource =" http :// www . w3 . org / ns / sosa / Observation "/ >
</ rdf : Description >
< rdf : Description
rdf : about =" http :// example . org / data / Org / exampleOrg " >
< foaf : name > Example Organisation </ foaf : name >
< rdf : type rdf : resource =" http :// www . w3 . org / ns / prov # Organization "/ >
< rdf : type rdf : resource =" http :// www . w3 . org / ns / prov # Agent "/ >
</ rdf : Description >

are deemed successful if the HTTP status code is 200 (“OK”) and the content type is
image/svg+xml. The test plan results for all conducted tests are published in the software
repository18 . An interactive app allows to inspect the plots of the results for all conducted
tests, including ones not included in this article19 .
For both serverless computing providers, the default configurations were used for the
evaluations. GCR allows users to configure the number of containers, the number of parallel
requests handled by one container, and the required minimum response time. The GCR
deployment used zone europe-west1 with 256 Mebibyte working memory and 1 CPU, at
a concurrency setting of 80. AWS Lambda starts more instances of a Lambda function
as needed, limited by a configurable concurrency parameter (default value: 1000) for the
number of running functions in the used region eu-central-1. The working memory on
AWS is set to 1 Gibibyte with the default values for scaling20 .
Scenario A simulates a geospatial catalogue service with 1000 users whose browsing of
the catalogue user interface results in 1 request per second per user. Figures 2 and 3 show
the response times during the test execution for GCR and AWS Lambda, respectively21 . All
sent requests have a non-failure status code (HTTP 200). The two different colours in the
plots denote the requests that take less than (“Success”) or longer than (“Failure”) 1 second.
This threshold is used because interactions below one second were found to not interrupt a
user’s train of thought and are therefore suitable for interactive use [20]. The mean times to
complete the request are 414 seconds for GCR and 943 seconds for AWS Lambda.

JMeter test plan file GEO_Label_API.jmx and the result files are available online at https://github.
com/nuest/GEO-label-java/tree/master/misc/JMeterTests.
19
https://geolabel-ssno-paper.herokuapp.com/
20
https://docs.aws.amazon.com/lambda/latest/dg/scaling.html
21
Data loading and plot functions are based on code from the R package loadtest [21].
18
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Figure 1 GEO label based on SSW sensor metadata, rendered by the GCR deployment, with all eight facets fulfilled; source URL: https://glbservice-nvrpuhxwyqew.a.run.app/glbservice/api/v1/svg?metadata=https://raw.githubusercontent.com/nuest/GEOlabel-java/master/server/src/test/resources/ssno/ERC_all_factes_available_ip68smartsensor.rdf.
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Figure 2 Plots of response time for GCR deployment under scenario A: elapsed time to
complete requests (left); histrogram with distribution of response times (right); result data file:
GCR_Scenario_2_V1.
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Listing 2 Observation, converted with Easy RDF Converter.
< sosa : Observation
rdf : about =" http :// example . org / data / iceCore /12# observation " >
< rdf : type rdf : resource =" http :// www . w3 . org / ns / prov # Activity "/ >
< prov : wasAssociatedWith >
< prov : Agent
rdf : about =" http :// example . org / data / Org / exampleOrg " >
< rdf : type
rdf : resource =" http :// www . w3 . org / ns / prov # Organization "/ >
< foaf : name > Example Organization </ foaf : name >
</ prov : Agent >
</ prov : wasAssociatedWith >
< sosa : observedProperty >
< rdf : Description
rdf : about =" http :// example . org / data / iceCore /12# CO2 " >
< ssn : isPropertyOf
rdf : resource =" http :// example . org / data / iceCore /12"/ >
</ rdf : Description >
</ sosa : observedProperty >
< sosa : hasSimpleResult
rdf : datatype =" http :// www . w3 . org /2001/ XMLSchema # integer " >
42
</ sosa : Observation >

Scenario B tests the batch generation of labels where an operator of a sensor catalogue
wants to generate 100 labels at once. Here we measure the overall time for processing all
requests, and the operations were repeated 5 times. There is no threshold as in Scenario A.
For GCR, this led to failures due to the memory limit; but, the test was completed with a
memory of 1 Gibibyte and 2 CPUs per container instance. The resulting data is shown in
Figure 4. GCR’s need for additional resources can be traced back to an overhead of the full
Java Servlet, which the Lambda function handler, which is comparably more minimal, does
not suffer from. With the increased resources in GCR, the duration was up to 45 seconds
for the first run and decreased though to only about 3 seconds for the fifth repetition. For
AWS Lambda, the processing took about 8 seconds on the first run and dropped to around 1
second in the second to fifth repetitions, as shown in Figure 5.
A variant of the batch generation is a test scenario with 1000 parallel requests. This
scenario could not be completed by either platform with the maximum available hardware
configurations. The error messages (Connection reset and SSL handshake terminated)
hint that the services blocked the large number of parallel requests, such that users would
need more powerful (and more costly) deployments. Reducing the number of parallel requests
eventually led to successful scenario executions at 600 requests in 51 seconds for GCR
and 300 requests in 9 seconds for AWS Lambda (see data files GCR_Scenario_4_2_V3 and
AWS_Scenario_4_2_V4).
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Figure 3 Plots of response time for AWS deployment in scenario A: elapsed time to complete requests (left); histrogram with distribution of response times (right); result data file:
AWS_Scenario_2_V1.
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Figure 4 Plots of response time for GCR deployment in scenario B: elapsed time to complete
requests (left); histrogram with distribution of response times (right; please note the different bin
size compared to other plots); result data file: GCR_Scenario_3_V2.
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AWS − Scenario B
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Figure 5 Plots of response time for AWS deployment in scenario A: elapsed time to complete requests (left); histrogram with distribution of response times (right); result data file:
AWS_Scenario_3_V2.

4

Discussion

The mapping of GEO label facets to properties in the Semantic Sensor Web was an iterative
process. While we were able to find data sources for all GEO label facets, the mapping is
limited by the availability of realistic SSW datasets. First, the variability of real-world data
may not be adequately captured. Second, and the nature of the mapping does not capture
cases where concepts between the GEO label’s facets do not unambiguously match concepts
behind SSW elements. Compared to the centrally managed data sources and industry-driven
OGC standards of the original GEO label, we find no need to make distinctions between
metadata given by providers and by third-parties, e.g., commenting servers. However, such
multi-stakeholder perspectives could mitigate shortcomings in the creation process of the
GEO label mapping for SSW. More real-world metadata could improve the scope of the
facet data sources, e.g., by deriving from common practices if a comment is actually about a
relevant part of a sensor’s properties, and not about some less relevant part of the RDF graph.
The taken iterative, example-based approach could also be contrasted with the initial creation
of an ontology for the GEO label facets and then aligning the GEO label ontology with
existing (SSW) ontologies. The alignment-based approach could also improve the scalability
of the mapping for a larger variety of uses cases and SSW datasets.
Concerning the mapping’s implementation, we found that a document-based approach
using RDF/XML could be built quickly on the existing implementation. However, such an
approach does not leverage the power of the Semantic Web, e.g., reasoning on dynamically
built graphs and aligned ontologies. Furthermore, for some facets, e.g., producer profile,
there were clear complications of relying on serialisations into an RDF/XML document.
A different approach based on native Semantic Web technologies, such as SPARQL [13],
could help address the limited coverage of the presented mapping, and in addition take
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into account relationships between linked resources by, for example, measuring the distance
between connected resources in a graph. The GEO label’s option to have “half-filled” facets,
which denotes availability of information at a higher level, could expose such more complex
scenarios. Most critically, the presented approach is limited by the design process starting
only from the current GEO label facets. That is why specific discovery challenges of the SSW
may not be adequately addressed. While the label itself may be interactive, the majority of
information behind the label is seen as rather static. This may partly be attributed to the
GEO label’s origin in GEO, with more traditional roles of provider and user. The SSW’s
potentially very dynamic nature, for examples live data streams, and flexible distributed
architecture, in which anybody can create and publish new ontologies and datasets, may
require additional facets or a more sophisticated presentation of sources and currentness of
the data behind a label.
The evaluation results of Scenario A show show no discernible cold start effect, as one
might have expected, where resources need to be activated for the first request or additional
resources are added over time. Only few requests take over 1 second to complete and only
relatively few outliers exists on the same order of magnitude. For AWS Lambda, both
mean and median of elapsed time to complete a request are close to 1 second. For GCR,
the elapsed time is well below 0.5 seconds. These results imply that the serverless label
generation is suitable for interactive use, with slight advantages of GCR which has overall
shorter durations. A limitation for this scenario is that only the generation of the label is
tested, whereas for users additional time would be taken up by the client-side rendering
of the images. The effects of dropping durations for batch processing in Scenario B were
likely achieved by a combination of autoscaling in the underlying platforms and the built-in
caching of the GEO label API Java Servlet. Especially on AWS Lambda, the drop after the
first iteration is considerable, even tough no internal caching mechanism exists.
Regarding the platforms we used, the data might further point to an advantage for
the reduced implementation of the AWS Lambda functions compared to the full Java
Servlet running in containers on GCR, though both showed scaling mechanisms of serverless
computing to be effective. The results make clear that specific evaluations for each use case
and platform are warranted. More test scenarios could include varying allocated resources at
the cloud providers to optimise performance versus costs, touching both on the respective
configuration parameters and the client-side implementation. For example, the steep drop in
Scenario B on AWS Lambda could be used to warm up a service instance, which may have
relatively small resources, with a portion of the data for batch processing, and then following
up with several chunks afterwards. In contrast, the shorter average response times of GCR
may make it more suitable for a scenario with more constant load even if fewer resources are
allocated.

5

Conclusions

In this study, we transferred the goal of the GEO label, which is to improve data discovery
by providing a visual overview of available information in machine-readable metadata, to
the Semantic Sensor Web. While we were able to find data sources for all GEO label facets
using a document-centric approach, the mapping is limited by available datasets and does
not leverage the potential of using reasoning in the SSW. Ideally, the creation of a more
sustainable mapping and potentially even adaptation of GEO label facets in the future is
based on a larger body of public sensor metadata in SSNO format, on a consultation of
multiple stakeholders, and on a complementary perspective derived from the SSW’s discovery
challenges.
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We found that the serverless platforms proved suitable for realistic test scenarios, though,
naturally, the used free tiers have limits. It became also clear that the different cost models
and configurations make serverless solutions difficult to compare. Future evaluations may
utilise a strictly cost-based comparison of scenarios with resources tuned to deliver similar
performance in the user-facing API.
Finally, the usefulness of the GEO label remains to be demonstrated in broad deployments
with many users and extensive user studies. With the practical solutions for label generation
introduced in this work, the actual spreading of labels will require leading organisations
to add and maintain labels on their widely used geospatial catalogues. In the meantime,
a bottom-up approach with client-side label integration [23] could provide the benefits of
GEO labels to interested users, and the GEO label can be examined in relation to recent
developments on scientific data publication such as the FAIR Guiding Principles [26].
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Abstract
This study surveys the state of search on open geospatial data portals. We seek to understand 1)
what users are able to control when searching for geospatial data, 2) how these portals process and
interpret a user’s query, and 3) if and how user query reformulations alter search results. We find
that most users initiate a search using a text input and several pre-created facets (such as a filter
for tags or format). Some portals supply a map-view of data or topic explorers. To process and
interpret queries, most portals use a vertical full-text search engine like Apache Solr to query data
from a content-management system like CKAN. When processing queries, most portals initially filter
results and then rank the remaining results using a common keyword frequency relevance metric
(e.g., TF-IDF). Some portals use query expansion. We identify and discuss several recurring usability
constraints across portals. For example, users are typically only given text lists to interact with
search results. Furthermore, ranking is rarely extended beyond syntactic comparison of keyword
similarity. We discuss several avenues for improving search for geospatial data including alternative
interfaces and query processing pipelines.
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Keywords and phrases search, portal, discovery, GIR, facet, relevance, ranking
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1

Introduction

It is hard to overemphasize the value of open geospatial portals. In less than a decade, a new
generation of Digital Earth [10] has unfolded as thousands of municipalities and other data
stewards have created online open geospatial portals, turning voluminous isolated geospatial
data into provisioned public resources. Every day, these data are used by citizens to learn
about their community services and researchers to study their environments [26]. Some open
geospatial portals, herein referred to as portals, are small, serving specific datasets from niche
domains like soil science (e.g., TERENO), while others are broad, serving as aggregation
platforms for datasets across many levels of government (e.g., Data.gov).
1
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While portals have been widely adopted, there is a need for more research to evaluate the
state of spatially-enabled search across portals that curate scientific, library, and governmental
data. Furthermore, there is a need to bring these communities of practice into conversation
so that best practices from each can be shared.
In this paper, we review the state of search on open geospatial portals. We focus on
how the design of search has developed across communities of practice for the curation of
geospatial research data, civic data, and library data. To the best of our knowledge, there has
not been a comprehensive examination of portal search functionality across user communities.
This is problematic because these portals collect and disseminate geospatial data that is vital
to governance and research. The geographic information science community needs to know
what search functionality already exists to better inform future developments of geospatial
search and geographic information retrieval (GIR).
This work specifically examines what a user can control while searching and how a portal
processes and interprets user queries. We focus on search facets and ranking functions. As
described by [16], we use the term facet to broadly mean a search control that allows a user
to further specify a query. Facets let users filter out search results, add criteria for including
specific search results, sort results, and sometimes navigate results in a specific way. A
ranking function orders results by their relevance to a query. For example, a function could
use TF-IDF (term frequency-inverse document frequency), a common numerical statistic
comparing keyword frequencies between a query and a set of potential search results. By
investigating these two components—facets and ranking functions—we can identify gaps in
functionality and search effectiveness. Therefore, our research question is what is the state of
faceted search and ranking functions in open geospatial portals?
To answer this question, we survey several dozen open portals including Data.gov,
DataONE, UCSB’s Alexandria Digital Library2 , and ArcGIS Hub 3 , and examine the frontend and back-end functionality of their search engines. We first survey search facets and
record user search controls, interaction modalities, presentation of results, and navigation.
Second, we attempt to record how a portal processes and interprets a user query. Specifically,
we record how corresponding data are deemed relevant and ranked. This step proves to
be a formidable challenge since many portals do not publicly document how they process
and reason on queries. Third, we conduct a qualitative sensitivity analysis of search. We
construct several search scenarios, execute corresponding queries, and compare the search
results both between portals and after reformulating queries.
In Section 2 we discuss previous work to survey portals and measure their functionality.
We then describe our procedure for surveying portals in Section 3. Section 4 is a discussion
of our results, including a summary of user search facets, ranking functions, alternative query
results, and insights on noteworthy portals. We conclude with a discussion of shortcomings
in the functionality of current portals and possible avenues for improving portal effectiveness.

2

Background

Portals curate, organize, and disseminate data for public consumption, often through public
web applications[36]. In our work, we study portals on the web4 that leverage an ecosystem
of web services for storing, querying, rendering, mapping, and executing functions (like
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geocoding) against geospatial data [23]. In many cases, these portals are an extension of
enterprise geographic information systems (e.g., ArcGIS Online) or are integral components
of governmental Spatial Data Infrastructures (SDIs) (e.g., INSPIRE).
Many portals strive to uphold FAIR and open data5 principles: effective and efficient
data findability, accessibility, interoperability, and reusability [34, 36]. FAIR principles mark
a significant turn for data curation, as they make it possible to evaluate data quality (e.g.,
fitness for use) across application domains [8]. These principles also influence how effectively a
user can search for data. Despite the kind of curatorial “best practices” that FAIR principles
suggest, user experiences within portals still vary quite a bit. Simple search interactions
across different portals show that search differs noticeably. For example, a search experience
for scientific research data is very different from a search for library holdings; there is still
relatively little agreement on a similar set of “best practices” for spatial search [3]. Each of
these communities has developed distinct metadata standards (e.g., Ecological Metadata
Language6 in the bioinformatics community), adopted different data curation platforms (e.g.,
DataONE7 ), and anticipated different user needs (e.g., search by taxon facets are in the
bioinformatics community). Furthermore, it remains unclear how the spatial dimension of
search should interact with other search dimensions, like time and theme, to ensure that a
user can search for data effectively.
Search on a portal generally proceeds as follows: through a user interface (UI) a user
executes a query, the portal processes and interprets the query (often using a service to
georeference a query), and then the system returns relevant resources from a back-end content
management system (CMS) or a database management system (DBMS) that houses indexed
geospatial data and metadata. The user can then explore the results and either download
a resource or reformulate their query to change results. On the back-end of a portal, a
processing algorithm is used to rank results. This algorithm, which the ranking function is a
part of, influences both UI design and how the system interprets a query. For example, a
processing pipeline may follow precreated and hand-tuned rules for filtering query results
(based on corresponding UI facets a user adjusts on a portal’s interface). There may be other
processing steps that a user cannot control (such as text normalization).
Modern portals are the primary outlet for search and discovery of geospatial data. Before
portals, geospatial data were collected and curated separately by individual organizations.
Both governments and GIS companies realized that they needed a better way to make
geospatial data discoverable, usable, and interoperable [32, 13]. As web services for sharing
data rose, the GIS industry became interested in using them as a medium for bringing both
GIS and geospatial data to a larger audience. These services were the first way to get data
to the public, but data quality was low and interoperability proved challenging to achieve.
The digital earth and SDI movements allowed governments and organizations to centralize
and build a technical infrastructure for managing geospatial data [24]. One such example is
the U.S. Federal Geographic Data (FGDC) National Spatial Data Infrastructure8 .
The desire to leverage citizen-generated data moved SDIs in a new direction [14, 35].
Portals complemented SDIs, allowing for publication and aggregation of disparate geospatial
data [9, 27, 35]. This made portals a popular and accessible form of a distributed GIS [30]
yet publishing geospatial content remained technically difficult. Portal architecture began to
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evolved to adopt search capabilities. Today, portals disseminate and allow users to explore
geospatial data. Some are “mashups” built on services such as Google Search or Google
Maps for geocoding and OpenStreetMap for visualizing search results [12, 9].
Recent surveys of government-run open data portals across Australia [31] and the U.S. [33]
noted that a large portion of portal growth is driven by governments who seek transparency
and want to engage citizens in government initiatives. In Australia, for example, dozens of
small and large government portals are successful, because they continually publish datasets,
refine and clarify open data policies [7], and increase visibility through citizen engagement
events like government-sponsored hackathons. Although these surveys are informative,
their authors suggest that their survey methods are preliminary. Portal adoption across
government, research, and libraries has been rapid in the last few years, so general measures
for portal functionality, quality, and effectiveness are still in their infancy. Viewport-based
GIR systems have been proposed to support comparison based on the semantic similarity of
their features; however, such systems do not yet support realistic information needs [4].
Most current geospatial search challenges and opportunities are described in [29] including
novel opportunities like personalized search and interpreting local intent [1], intelligent ranking
algorithms based on machine-learned feature combinations [18], and challenges like cataloging
cross-disciplinary geospatial search needs or bolstering theory-driven geoparsing methods.
Some insights into how portals process and interpret user queries are available from the
perspective of portal developers. Search and discovery scenarios in the library community are
well illustrated by GeoBlacklight developers [15] and the Alexandria Digital Research Library
Project [11]. Advances from the research data community are illustrated by the adoption
of standards, such as FAIR data principles [34] and by the examination of challenges in
developing domain repositories [25]. Lastly, the adoption of civic data portals across multiple
levels of government in the U.S. and E.U. [36] and ArcGIS Online as an open data platform
[20] illustrate how user data needs are anticipated and handled.

3

Survey Methods

In this work, we seek to understand three things about portals: 1) what facets a user can
control that affect search results, 2) how a portal processes and interprets a user’s query (for
ranking results), and 3) if and how reformulating a query changes search results. By answering
these questions, we gain an understanding of the current capabilities and limitations when a
user searches on a portal.
We specifically surveyed 1) search facets, 2) interaction modalities (e.g., maps and text
list views), 3) adherence to FAIR principles, and 4) ranking functions (e.g., BM-25, TF-IDF).
Note that our methodology uses an individual search and judgement process run solely by
the authors. For example, relevance judgements for search results and the adherence to
FAIR principles were qualitative judgements. However, the interpretation of FAIR principles
remains largely subjective and open to interpretation; to address this, FAIR metrics [34]
including rubrics for tools, datasets, and repositories9 are currently under development. The
metrics that are being developed for repositories focus mainly on licensing, protocols, and
resource description. Following this, we gave a portal a satisfactory rating for adherence to
FAIR principles if its datasets followed at least three of the four main principles–findable,
accessible, interoperable, resuable. We gave a portal a higher rating if its datasets followed
all four principles, metadata were well documented, and the portal supported to its users,
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such as through blog posts on how to use and manipulate dataset metadata. Due to time
constraints, we were not able to gather subjects and pool a larger set of judgements. However,
in future work we plan to conduct A/B testing between a control and modified search system
during which we will gather more judgements from test subjects.
To start, we created a list of sample portals to survey. We hand selected our sample from
across three main communities that curate open geospatial portals: 1) civic data portals,
2) scientific research portals, and 3) library portals. These were drawn from four online
sources that curate a list of portals, GIS data sources, and GIS learning resources (e.g.,
Awesome-GIS10 , Awesome-Geospatial11 ). We briefly visited and tested all of the portals on
these curated lists and narrowed our list to 35 sample portals. In the remainder of this paper,
we will discuss the results from nine unique and diverse portals.
A portal was considered for our list if it: 1) hosts 50 or more open geospatial datasets, 2)
has datasets published within the past six months, and 3) provides a way for users to search
for datasets. We wanted to achieve broad diversity in our sample. Therefore, we ended up
surveying 35 portals that differ in purpose, topic, geographic coverage, or curating body. Two
examples of purpose are citizen engagement and academic data reuse. Examples of curating
bodies include governments and municipalities, libraries, non-government organizations, and
academic institutions. Portals in our list needed to serve georeferenced datasets in formats
like .geojson, .shp, .TIFF, or .netCDF (so that can be used in traditional GIS or spatial
analysis tasks). For this reason, we intentionally did not survey gazetteers and point of
interest (POI) search tools like the World Historic Gazetteer12 , Frankenplace13 , or Yelp14 .
For each portal in our list, we initially took a “follow-your-nose” approach to surveying.
This means that when we arrived at the root of a site, we would read the home page and begin
exploring by clicking on prominent links. We then reviewed any available documentation for
users and developers. Documentation is also useful for understanding how curators articulate
the purpose and suggested usage of a portal. When available, we also read open data policies,
search and interface user guides, and technology and metadata descriptions.
We then tested a portal’s search interface. We first navigated to the root search page
(which sometimes was on the portal’s home page). Once there, we recorded all the options
that a user could control, which included the mode of interaction (e.g., map-based, list-based),
navigation (e.g., number of pages, page hierarchy), and search facets (e.g., text search box,
filters, map controls, sorting).
Next, we documented portal ranking functions to the extent possible. This was difficult
because many systems use proprietary and/or closed-source search engines that do not disclose
their ranking functions. Some portals have an application programming interface (API), to
bypass the UI and access dataset metadata directly. In some cases, API documentation gave
insights into how a query is parameterized and how results are ranked. In other cases, we
were able to read documentation from portals that use open-source CMSs, such as CKAN,
and a few portals gave us access to internal documentation on their ranking functions.
Our last step was to see how effective and sensitive search is on these portals. The
purpose of this step was to 1) try and bolster our understanding of how non-disclosed ranking
functions work, and 2) test how sensitive ranking functions are to changes in a user’s query.

10

https://github.com/sshuair/awesome-gis
https://github.com/sacridini/Awesome-Geospatial
12
http://whgazetteer.org/
13
http://www.frankenplace.com/
14
https://www.yelp.com/
11

GIScience 2021

5:6

Geospatial Dataset Search

To do this we, selected nine portals from our list on which to execute queries (listed in Table
1). Once we were familiar with their search pages and what specific datasets were available,
we developed several search scenarios.
Table 1 Descriptive characteristics of a subset of surveyed portals. For each portal, we recorded
the number of public datasets/cataloged items, the temporal range of datasets (starting from either
the application time or the creation time), and the coverage (geographic and community focus).
Portal
DataONE
Data.gov
ArcGIS Hub
USGS
ADRL
Tereno
INSPIRE
NASA
Heritage Gateway

Datasets
820k +
250k +
178k +
100k +
33k +
1000 +
6500 +
6600 +
60+ sources

Time
1800 - present
mid-1800s - present
1700s - present
2000 - present
1860 - 2018
1995 - present
1900 - present
1587 - present
prehistoric - present

Coverage
global (environmental science)
U.S. (none, authoritative)
global (none, semi-authoritative)
U.S. (none, authoritative)
California, misc. (library data)
Germany (environmental science)
Western Europe (none, authoritative)
global (Earth observations)
England (structures and landmarks)

These scenarios were modified from three personas of application end users that are
described in the GeoBlacklight concept design15 ; for a better understanding of our search
scenarios, we refer readers to their descriptions [15]. These personas include a professor
of History, a Ph.D. candidate in Environmental Science, and an undergraduate sophomore
studying urban planning. Each persona has a motivation, scenario, and expectations of a
portal. Although they are exclusively academic, they vary enough to realistically resemble
search scenarios from other personas. Based on our interpretation of the persona descriptions,
we created a specific search task and respective query to simulate that persona initiating a
search. An example of a search scenario is as follows. History professor Brian Diaz needs
data about historical and modern churches in Scotland. He does not have a lot of time
and he likes using text search, but would also be happy narrowing results using a map. He
searches two portals, Heritage Gateway and the INSPIRE Geoportal. He executes and refines
the text of several queries without any additional facet adjustments. Example refinements
include “churches”, “modern churches”, and “modern churches edinburgh”. When he cannot
find relevant results, he tries modifying his queries (using reformulation techniques outlined
in Table 2).
After the scenarios were created, we executed an initial query for each, recording the
resulting datasets and the number of datasets we considered to be relevant to our search
needs. We then iteratively reformulated the query 12 times, and re-recorded the results and
portion of the results that we considered to be relevant. We repeated this process for each
scenario on each portal with three different initial queries. Table 2 shows the types of query
reformulations we used, which were gathered from [19, 21, 22].

4

Results

Some portals are small and have few datasets. For example, TERENO serves soil and
geochemical datasets from a few environmental research observatories in Germany. Some
portals are curated by small municipalities such as Mono County, California, U.S. Others are
15
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Table 2 Types of query reformulations executed during search scenarios. Reformulation types
adapted from definitions found in [19, 22, 21].
Query
“modern churches”
“churches”
“modern churches”
“modern churches”
“modern churches”
“edinburgh”
“edinburg”
“edinburgh”
“churches”
“churches edinburgh”
“food Scotland”

Reformulation
“churches”
“modern churches”
“modern temples”
“churches modern”
“catholic cemeteries”
“glasglow”
“edinburgh”
“edinburgh tx”
“churches edinburgh”
“churches”
“food Europe”

Type
generalization
specialization
word substitution
repeat
new
geo-modification
geo-correction
geo-disambiguation
place insertion
place deletion
granularity change

Purpose
broaden
narrow
change meaning
reformat
change meaning
intent modification
correct spelling
placename disambiguation
narrow geographically
broaden
broaden or narrow

large with sophisticated search tools and have many datasets. For example, ArcGIS Hub
serves many datasets of widely varying topics and global coverage. We strived for diversity
and wanted to ensure that we were not just sampling popular portals. Furthermore, we
believed that smaller portals may have more specific user controls since they likely wouldn’t
have to manage a large amount of diverse datasets. Several smaller portals included those run
by The Nature Conservancy16 , Lithuania’s federal government17 , and Cyprus’s Department
of Land and Survey18 .
As mentioned in Section 3, we sampled 35 portals from the lists and will now discuss nine
in particular. These nine were chosen because they capture the diversity of all portals sampled.
Table 1 includes descriptive characteristics of these nine portals including number of public
datasets/cataloged items, the temporal range of datasets (starting from either the application
time or the creation time), the geographic coverage, and the focus community/theme. Table
3 describes search facets and our understanding of the ranking functions on these portals. We
show that the nine portals mostly show results in list form. first and all include lists. Some
show results in map form first. We believe that all portals could improve in their employment
of the FAIR principles. DataONE employed FAIR principles the best because they document
the ways in which they promote FAIR use such as through webinars. The following subsections
describe search facets, ranking functions, and results from query reformulations in more
detail.

4.1

Front-End: User Search Controls

On almost all sample portals surveyed, users have the same core set of facets when searching.
First, users are given an omnibox for entering free text. A user enters a text query using
keywords or natural language. Second, users are given at least two pre-configured facets to
refine their text search. Facets are typically located in a sidebar and are check box, radio
button, or range slider toggles. A common selection facet is tag, which lets users select a
descriptor tag that has been associated with a dataset. Approximately half of the portals
surveyed have an advanced search feature with an extended interface. Typically, this lets

16
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Table 3 Search characteristics of a subset of surveyed portals. For each portal, we recorded the
ease of navigation, the interaction modalities (e.g., list-based, map-based, visualization-based), the
types of search facets (e.g., filters, result sorts), ranking functions, and degree of employment of
FAIR principles.
Portal
DataONE

Facets
filters: [data attribute; annotation; data files; member node;
creator; year; identifier; taxon; location],
sort by: [most recent; identifier; title; author]

Modality

FAIR princples

Ranking Function

map + list

very good

- BM-25
- query expansion

Data.gov

filters: [topics; topic categories; dataset type; tags; format;
organization type; organizations; publishers; bureaus; location],
sort by: [relevance; time/date; popular; date added]

list

good

- TF-IDF

ArcGIS Hub

filters: [capabilities; source; content; type; tags],
sort by: [relevance; most recent; trending; name]

list

good

- BM-25
- Query expansion

USGS

filters: [map controls; file format; extent; topic sub-category]

map

satisfactory

- TF-IDF

ADRL

filters: [search by all fields, title, subject, or accession number;
format; collection; contributor; topic; place; genre; date;
academic department; library location; rights],
sort by: [relevance, year created, creator]

list

satisfactory

- TF-IDF

TERENO

filters: [“what?” by topic, keywords, sensor type, parameter;
“where?” by metadata fields, catalog, regions, map extent;
“when?” by date range]

map + list

satisfactory

- TF-IDF

INSPIRE

text search: Select country then search by dataset title,
filters: [country; spatial scope; theme]

list

satisfactory

- TF-IDF

NASA

map options: [region, time, hand-drawn region],
filters: [features; keywords; platforms; instruments;
organizations; projects; processing levels; granule data format],
sort by: [relevance; usage; end date]

list + map

satisfactory

- TF-IDF

Heritage
Gateway

filters: [“where?” by search geocoder;
“what?” by thesaurus of building, object, or evidence type;
“who?” by associated person, architect;
“when?” by date range, period; “resource?” by parent organization]

list or map

satisfactory

- TF-IDF

users specify additional filters based on less popular metadata. Third, once a user executes a
query and the results are presented as a list, users are given a option for sorting the results.
For example, the user can sort by relevance (discussed in Section 4.2), by the date that
datasets were created/modified, or alphabetically by dataset title. Note that we did not
extensively survey individual results or additional result pages, only the first page result list
after a query was executed.
UI complexity and navigation varied substantially. Approximately half of the portals
have an omnibox for text search or icons for pre-created search topics on their home page.
The other half of portals lead users to search through a button or link with a label like “find
data”. Approximately one fourth of the portals surveyed initially present results as a map or
a map with a list. Users can then navigate the results geographically and further refine by
clicking on a specific result, or a region that was labeled with the number of results located
in that region.

4.2

Back-End: Query Processing and Interpretation

As previously mentioned, it is difficult to determine exactly how a portal processes and
interprets a query (and determine which potential search results are relevant) without knowing
their ranking algorithm. Fortunately, many portals are built using an open source CMS that
use open-source search engines. Many portals in our survey, especially government portals,
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used one of three CMSs for all or part of their back-end processing: CKAN, Socrata, or
ArcGIS Hub (or ArcGIS OpenData). Previous surveys [31] suggest that investing in open
data portals is typically expensive and labor intensive, so it’s reasonable to assume that such
systems are appealing for hosting and/or serving data. Other geographic data CMSs, such
as GeoBlacklight or Samvera, are only popular within specific communities.
Facets are almost always used to forumate a query before execution. However, typically
portal UIs include facets on search result pages so that users can refine their queries.
Calculating relevance is at the heart of a ranking function. Typically, a relevance score for a
potential search result is a composite value calculated by combining one or more weighted
criteria. Most portals appear to use the TF-IDF algorithm for scoring potential search
results. This ranking algorithm works by comparing keyword frequency between a query and
one or more text attributes (such as title, abstract, and tags) of indexed datasets. Several
portals, such as ArcGIS Hub, use hand-tuned boosting in their ranking functions to increase
the importance of certain criteria (like keyword frequency in a dataset’s tags). At least a
quarter of the portals surveyed use a CMS (such as CKAN) that leverages Apache Lucene or
Apache Solr as their search engine with no noticeable customization beyond the default search
ranking function (i.e., using the bag-of-words model and TF-IDF). For example, searching on
Data.gov, on the back-end, a user’s query is most likely tokenized, sanitized, normalized, and
converted compare with potential search results (which also represented as bags of words).
ArcGIS Hub uses Elasticsearch19 as a search engine and the BM-25 ranking algorithm. For
the portals where we were able to see the private ranking function including ArcGIS Hub
and Heritage Gateway, keyword frequency match is the most important weight for raking
potential search results. We found that recency and popularity (e.g., download frequency)
are occasionally used in calculating the score (upward of 25 percent of a score). DataONE
and ArcGIS Hub, use query expansion to include results with relevant taxa and synonyms.
For example, searching “robbery” on an ArcGIS Hub site will give similar but more granular
thematic results such as “crime.”
Open geospatial portals are unique from other open data portals due to their handling
of space and space’s relation to theme and time. This is a difficult task and the subfield of
GIR is dedicated to effectively serving relevant geospatial information. A technique at the
heart of GIR is georeferencing a textual query. This means disambiguating and resolving
geographic references, often toponyms, properly interpreting spatial relations, and inferring
the geographic intent of the query. In the most basic application, this means interpreting
<theme><spatial relation><location> such as “churches in Poznań Poland” [28, 29]. We did
not find any portal that interprets a query this way, although we believe that they do exist.
At best, portals attempt to properly interpret the intent of thematic terms through techniques
like query expansion. A spatial relation such as “near” is usually ignored or assumed to
mean containment. Surprisingly, location appears to be ignored during query processing or
specified separately in the UI the omnibox input. For example, several portals (DataONE,
Heritage Gateway) let users specify a location by typing in toponyms in a separate text box,
which is then geocoded and matched with pre-created regions.

4.3

Effects on Results from Query Reformulations

As stated in Section 3, we ran three search scenarios on our nine focus portals. Overall,
the results were mostly what we expected. Most portals surveyed did not indicate a
ranking function that leverages techniques beyond the bag-of-words model and TF-IDF
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statistic. We determined this because repeat, reformulations had no effect but generalizations,
specializations and word substitutions did. DataONE is an exception because the query “coral
disease” yielded more results and more relevant results than “disease coral”. In most cases,
generalization resulted in more results and and about half the time more relevant results.
All portals sampled were sensitive to generalization, specialization, and word substitution
reformulations. Once again, this makes sense because most portals are keyword sensitive, so
including or removing keywords tended to make a large difference.
In all of the portals surveyed, making geo-modifications, geo-corrections, or geo-disambiguations during a query reformulation did not have noticeable effects on query results. For
example, a geo-disambiguation from “edinburgh” to “edinburgh tx” usually reduced the
number of results likely because more keywords were included, not because a geography was
disambiguated and constrained. A geo-correction from “edinburg” to “edinburgh” increased
results. Changing spatial granularity didn’t appear to be any different from word substitution
except in a few portals like ArcGIS Hub. With access to documentation on Hub’s query
processing, we know that Hub leverages a process for comparing locations with different
spatial granularities. For example, results for “scotland” were more frequent than results for
“edinburgh” and not simply because of increased keyword frequency.

4.4

Noteworthy Examples

Search functionality on several portals was unique enough to merit distinction. These portals
used novel techniques to make searching easier or more specific. The first portal is Heritage
Gateway, which is a historic building and landmark portal for England. On their portal,
users interact with search almost entirely through a map. Once users execute a query, results
are displayed as symbolized points on a map. Users can then click on individual features to
read more about them in a pop-up window or download them. The portal’s advanced search
lets users refine a text query with where, what, when, and who filter criteria. Figure 1 shows
a portion of the XML schema for query processing with specific ways users can set criteria
(e.g., specifying where using a reference system like gridref, osgridref, latitude, longitude, etc).
A second notable portal is DataONE. DataONE’s UI is shown in in Figure 2. The search
interface is primarily map-based with a sidebar for entering text queries and numerous filters.
As users pan with the map, search results and facets automatically update to reflect only
what datasets are visible. DataONE uniquely disseminates data via RSS, GeoRSS, and other
data casting feeds. In 2020, DataONE may start a collaboration with RDMLA20 for guiding
data management and curation best practices that has the potential to support curation
efforts in other scientific repositories and libraries.

4.5

Suggested Improvements

As the results show, most portals treat search similarly. On the front end, most portals
implement an omnibox for text input and facets to balance user control with effort. On the
back end, most portals use a bag-of-words model to represent queries and potential search
results, and match them based on keyword frequency. Generic portals also appear to be
similarly designed. However, we argue that the uniqueness of geospatial content merits more
sophisticated search facets and ranking functions than those that are currently used.
We recommend that most portals transition to primarily map or other visualization
modalities (like topic explorers), instead of lists and text boxes. For example, interfaces could
orient around self-organizing topic maps [20] or geographic maps. Most interfaces that we
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Figure 1 A portion of an XML schema for user query criteria on the Heritage Gateway portal.
A text query can be refined by any number of top level criteria on the left including where, what,
when, who, other, uids, or query-uid. Each criteria can be further specified such as year-from under
the when criteria which is a custom date, or grade which is one of nine predetermined building
grades such as I,II,III, DC, or NG.

surveyed currently offer minimal help tools. Therefore, offering users comprehensive guides
or wizards for navigating search interfaces could simplify the search process. One idea would
be to display a dataset in a map-based interface and then, using a wizard, ask users what
aspects they would like to change in order to find other datasets. Regarding search facets,
we believe that most portals include too many search filters instead of dedicating resources
to improving natural language query interpretation. Effectively balancing functionality and
usability is difficult, and unfortunately most web search interfaces fail at this [2].
In terms of developing explicitly spatial ranking and relevance metrics, we saw few
examples of portals that did this. One suggestion is to build upon the multidimensional
ranking scheme proposed by Sharma and Beard [5] that use space, time, and theme as
dimensions. The spatial component of a result would be weighed based on topological
relations; the temporal component would be weighed based on Allen intervals; and multiple
thematic components would be selected by user in the form of “glyphs”. Any score boosting
for a dimension should be based on the portal’s needs. This solution brings the three key
dimensions of spatial information [6] to bear in developing ranking and relevance metrics for
spatial data.
There is a clear need for finer grained spatial and thematic processing and interpretation.
Few portals compare individual data values to a text query. Those that do only do so when
a user specifies advanced search features. However, these features are typically relegated to
comparing dataset metadata to a query, not individual data values within a dataset. In other
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Figure 2 The search interface on DataONE. After executing a text query, users can filter results
using criteria including data attribute, year, and taxon. The list of results changes when filters are
applied or when a user pans the map and/or selects a gridded region of interest.

words, systems should extract numeric values and ordinal values (like “most” or “nearest”)
from a query and compare them with potential search results using at a minimum hand-tuned
rules. These improvements parallel a Semantic Web goal of returning specific data points for
a query, not just datasets [17].

5

Conclusion

In this work we have taken a critical look at the current state of search on open geospatial
portals. We surveyed the front end of systems and focused on search facets, a type of control
users have while searching. We then surveyed how the back ends of systems process and
interpret queries, and how they rank relevant results. To corroborate our understanding
about the back-end of these systems and test how effective searching is, we executed several
search scenarios. In these scenarios we iteratively reformulated queries against nine specific
portals. We found that most portals leverage an omnibox for raw text search and filters to
refine them. We also found that most portals use a syntactic-based keyword frequency model
for representing queries and potential search results (found in most basic search architectures).
As expected, after most query reformulations, changes in results were simple and aligned
with what we would expect from this model. We then described distinctive characteristics
of nine unique portals and further detailed two notable portals and why they stood out as
models for geospatial search.
Open geospatial data portals, which are growing in popularity as resources for accessing
geospatial data, have an opportunity to be forefront models of advanced GIR and geospatial
computing. However, based on the current state of search facets and ranking, there are
several substantial improvements needed to make portals easier to use, easier to navigate,
and adhere better to FAIR principles. Optimally, in addition to search, portals would more
effectively enable serendipitous discovery.
There are several notable limitations to this work. First, we were not able to quantitatively
assess the effectiveness of each portal surveyed. In future work, we plan to create effectiveness
criteria based on explicit relevance feedback. Also, since many portals use proprietary search
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engines, we were not able to explicitly see how their ranking functions work. However, the
intention of this work is to survey, frame, and motivate a quantitative analysis of user search
behavior. In future work, we plan to use query logs from the ArcGIS Hub platform to
model search behavior. Through those efforts, we hope to see if and how search success and
abandonment patterns relate to the limitations of the portals surveyed herein.
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Abstract
Social media platforms, such as Twitter, have been increasingly used by people during natural
disasters to share information and request for help. Hurricane Harvey was a category 4 hurricane
that devastated Houston, Texas, USA in August 2017 and caused catastrophic flooding in the
Houston metropolitan area. Hurricane Harvey also witnessed the widespread use of social media by
the general public in response to this major disaster, and geographic locations are key information
pieces described in many of the social media messages. A geoparsing system, or a geoparser, can be
utilized to automatically extract and locate the described locations, which can help first responders
reach the people in need. While a number of geoparsers have already been developed, it is unclear
how effective they are in recognizing and geo-locating the locations described by people during
natural disasters. To fill this gap, this work seeks to understand how people describe locations
during a natural disaster by analyzing a sample of tweets posted during Hurricane Harvey. We
then identify the limitations of existing geoparsers in processing these tweets, and discuss possible
approaches to overcoming these limitations.
2012 ACM Subject Classification Information systems Ñ Content analysis and feature selection;
Information systems Ñ Retrieval effectiveness
Keywords and phrases Geoparsing, geographic informational retrieval, social media, tweet analysis,
disaster response
Digital Object Identifier 10.4230/LIPIcs.GIScience.2021.I.6
Supplementary Material An annotated dataset, a full list of terms, and the constructed regular
expression are available at: https://github.com/geoai-lab/HowDoPeopleDescribeLocations.

1

Introduction

Hurricane Harvey was a Category 4 tropical storm which started on August 17, 2017 and
ended on September 2, 2017 and made a landfall on Texas and Louisiana, USA. It dropped
more than 1,300 mm of rain over the Houston metropolitan area and caused catastrophic
flooding [44]. During the hurricane and the subsequent flooding, social media platforms,
such as Twitter, were used by many residents in the city of Houston and the surrounding
areas to share disaster-related information and send help requests.
The use of social media during natural disasters is not new. An early work by Longueville
et al. [6] used Twitter to analyze a forest fire in the South of France back in July 2009. In
the following years, many studies were conducted based on the social media data collected
from disasters to understand the emergency situations on the ground and the reactions of the
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general public. Examples include the 2010 Pakistan flood [29], the 2011 earthquake on the
East Coast of the US [4], Hurricane Sandy in 2012 [27], the 2014 wildfire of California [42],
Hurricane Joaquin in 2015 [41], and Hurricane Irma in 2017 [43]. Social media data, such as
tweets, provide near real-time information about what is happening in the disaster-affected
area, and are suitable for applications in disaster response and situational awareness [25].
Twitter, in particular, allows researchers to retrieve about 1% of the total number of public
tweets for free via its API, and this ability enables various tweet-based disaster studies.
While social media has already been used in disasters and emergency situations, Hurricane
Harvey was probably the first major disaster in which the use of social media was comparable
or even surpassed the use of some traditional communication methods during a disaster. The
National Public Radio (NPR) of the US published an article with the headline “Facebook,
Twitter Replace 911 Calls For Stranded In Houston” [35], which described how social media
platforms were widely used by Houston residents to request for help when 911 could not be
reached. The fact that the storm took out over a dozen emergency call centers and that there
were too many 911 calls during and after the hurricane were among the reasons responsible
for the failure of the 911 system. Another article published in The Wall Street Journal was
titled “Hurricane Harvey Victims Turn to Social Media for Assistance”, which described
similar stories in which people turned to social media for help after their 911 calls failed
[34]. In addition, Hurricane Harvey was called by The Time Magazine as “The U.S.’s First
Social Media Storm” [33]. Besides news articles, a survey was conducted by researchers [28]
after Hurricane Harvey, which filtered through 2,082 people in Houston and the surrounding
communities, and focused on 195 Twitter users. They found that about one-third of their
respondents indicated that they used social media to request for help because they were
unable to connect to 911.
With the ubiquity of smart mobile devices and the popularity of social media, it seems to
be a natural choice for people to turn to Twitter, Facebook, or other social media platforms
when their 911 calls fail. People are already familiar with the basic use of these social media
platforms (e.g., how to create a post and how to upload a photo), and they can stay connected
with their friends and family members online, follow the latest information from public figures
(e.g., the Twitter account of the mayor of the affected city), authoritative agencies (e.g.,
FEMA), and voluntary organizations, and can “@” related people and organizations to send
targeted messages. Indeed, a survey by Pourebrahima et al. [30] based on Hurricane Sandy
in 2012 revealed that Twitter users received emergency information faster and from more
sources than non-Twitter users. The survey by Mihunov et al. [28] found that about 76% of
their respondents considered Twitter as “very useful” or “extremely useful” for seeking help
during Hurricane Harvey, and roughly three quarters of their respondents indicated that
Twitter and other social media were easy to use. Their survey also revealed some challenges
in the use of Twitter during a natural disaster, such as not knowing whether volunteers
received their requests or when they would send help. However, these situations could change
in future disasters, as volunteers and relief organizations learn to collect the requests from
social media. In addition to Twitter, other social media platforms were also used by people
to seek help [22]. For example, an online group named “Hurricane Harvey 2017 - Together
We Will Make It” was created on Facebook to enable victims to post messages about their
situations during the flooding [35].
One major challenge in handling the help requests that people sent on social media
platforms is to efficiently process the huge number of posts. As described by a disaster
responding consultant during Hurricane Harvey [35], “It is literally trying to drink from
a firehose”. Disaster responders simply do not have the bandwidth and time to manually
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monitor the huge number of posts on social media and identify actionable information. In fact,
there exist multiple challenges in effectively using the information from social media platforms,
including verifying the veracity of the posted information, understanding the purpose of the
posts (e.g., whether a post is about requesting rescue, reporting disaster situation, calling
for donation, or praying for the affected people), and extracting critical information pieces
(e.g., the locations of the people who need help). Much research has already been devoted to
identifying true information from false information [13, 38], classifying the purposes of social
media posts [15, 3], and extracting information from tweets [16, 32].
This paper focuses on the specific challenge of extracting locations from the tweets posted
during a natural disaster. As a first step, we focus on understanding how people describe
locations during a disaster by analyzing a sample of tweets randomly selected from over 7
million tweets posted during Hurricane Harvey. The contribution of this paper is twofold:
We conduct an analysis on a sample of 1,000 randomly selected tweets to understand and
categorize the ways people describe locations during a natural disaster.
We identify the limitations of existing tools in extracting locations from these tweets and
discuss possible approaches to overcoming these limitations.
The remainder of this paper is organized as follows. Section 2 reviews related work in
geoparsing and tweet analysis in the context of disasters. Section 3 describes the dataset
from Hurricane Harvey. In Section 4, we analyze and classify location descriptions in the
selected tweets. Section 5 reports the experiment results of using existing tools for processing
the tweets. Finally, Section 6 summarizes this work and discusses future directions.

2

Related work

Locations in tweets can be extracted through geoparsing, a process of recognizing and geolocating place names (or toponyms) from texts [8, 12, 40]. Geoparsing is often studied within
the topic of geographic information retrieval (GIR) [17, 31]. A software tool developed for
geoparsing is called a geoparser, which typically functions in two consecutive steps: toponym
recognition and toponym resolution. The first step recognizes toponyms from texts, and the
second step resolves any place name ambiguity and assigns suitable geographic coordinates.
Figure 1 illustrates these two steps. It is worth noting that geoparsing can be applied to
other types of texts in addition to social media messages, such as Web pages, news articles,
organization documents, and others.

Figure 1 The typical process of geoparsing text to extract locations.

A number of geoparsers have already been developed by researchers. GeoTxt is an
online geoparser developed by Karimzadeh et al. [19, 20], which uses the Stanford Named
Entity Recognition (NER) tool and several other NER tools for toponym recognition and
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employs the GeoNames gazetteer1 for toponym resolution. TopoCluster, developed by
Delozier et al. [7], is a geoparser that uses the Stanford NER for toponym recognition
and leverages a technique based on the geographic word profiles for toponym resolution.
The Edinburgh Geoparser, developed by the Language Technology Group at Edinburgh
University [1], uses their own natural language processing (NLP) tool, called LT-TTT2,
for toponym recognition, and a gazetteer (e.g., GeoNames) and pre-defined heuristics for
toponym resolution. Cartographic Location And Vicinity INdexer (CLAVIN)2 is a geoparser
developed by Berico Technologies that employs the NER tool from the Apache OpenNLP
library or the Stanford NER for toponym recognition, and utilizes a gazetteer and heuristics
for toponym resolution. CamCoder is a toponym resolution model developed by Gritta et al.
[11], which integrates a convolutional neural network and geographic vector representations.
Gritta et al. further converted CamCoder into a geoparser by employing the spaCy NER
tool for toponym recognition.
Twitter data were used in many previous studies on situational awareness and disaster
response. Imran et al. [15] and Yu et al. [43] developed machine learning and text mining
systems for automatically classifying tweets into topics, e.g., caution and advice and casualty
and damage. Huang and Xiao [14] classified tweets into different disaster phases, such as
preparedness, response, impact and recovery. Kryvasheyeu et al. [21] and Li et al. [23] used
tweets for assessing the damages of disasters. Existing studies, however, often used only the
geotagged locations of tweets [5, 42] or the locations in the profiles of Twitter users [45, 46],
rather than the locations described in tweet content. Many geotagged locations were collected
by the GPS receivers in smart mobile devices, and therefore are generally more accurate than
the locations geoparsed from the content of tweets. This can be a reason that motivated
researchers to use the geotagged locations of tweets. Meanwhile, geotagged locations reflect
only the current locations of Twitter users, which may not be the same as the locations
described in the content of tweets. In addition, only about 1% tweets were geotagged [36],
and the number of geotagged tweets further decreased with Twitter’s removal of precise
geotagging in June 2019. By contrast, researchers found that over 10% tweets contain some
location references in their content [25]. For the locations in the profiles of Twitter users,
they may reflect neither the current locations of the users nor the locations described by the
users, since the profile locations can be their birthplaces, work places, marriage places, or
even imaginary places, and are not always updated.
Some research examined location extraction from the content of tweets. GeoTxt is a
geoparser originally developed for processing tweets [20]; however, their testing experiments
were based on a tweet corpus, GeoCopora [39], whose toponyms are mostly country names and
major city names, rather than fine-grained place names in a disaster affected area (although
GeoCopora does contain some fine-grained locations, such as school names). Gelernter and
Balaji [9] geoparsed locations in the tweets from the 2011 earthquake in Christchurch, New
Zealand, and Wang et al. [41] extracted locations from tweets for monitoring the flood
during Hurricane Joaquin in 2015. However, both work focused on using a mixture of NLP
techniques and packages (e.g., abbreviation expansion, spell correction, and NER tools) for
location extraction, rather than a more detailed analysis on the characteristics of the location
descriptions. This paper aims to fill such a gap by examining how people describe locations
in tweets during a natural disaster, with the ultimate goal of helping design more effective
geoparsers for assisting disaster response.

1
2
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Dataset

The dataset used in this work is a set of 7,041,866 tweets collected during Hurricane Harvey
and the subsequent flooding from August 18, 2017 to September 22, 2017. This dataset was
prepared by the University of North Texas Libraries, and the tweets were retrieved based
on a set of hashtags and keywords, such as “#HurricaneHarvey”, “#HoustonFlood”, and
“Hurricane Harvey”. The entire dataset is available from the library repository of North
Texas University (NTU)3 , and it is in the public domain.
Among the over seven million tweets in the entire dataset, only 7,540 are geotagged
with longitude and latitude coordinates. These geotagged tweets are distributed not only
within the Houston area but also throughout the world, with most of the tweets located
inside the United States. Figure 2(a) shows the locations of the geotagged tweets in the
Houston area, and the locations of all the geotagged tweets are visualized in the overview
map in the lower-left corner. The low percentage of geotagged tweets (about 0.1%) in this

Figure 2 A comparison of the locations of geotagged tweets and the precipitation during Hurricane
Harvey: (a) locations of the geotagged tweets; (b) precipitation in the Houston area from the USGS.

dataset and the fact that the geotagged tweets are distributed throughout the world can be
attributed to the data collection process: the data were collected using a list of keywords and
hashtags rather than focusing on a particular geographic area. We compare the locations of
the geotagged tweets with the precipitation map4 from the US Geological Survey (USGS)
(Figure 2(b)). No clear relationship can be visually identified between the locations of the
geotagged tweets and the severity of the precipitation in different areas. For example, the
northwestern region received relatively less precipitation than the southeastern region, but
there were more geotagged tweets in the former region.
In this work, we are particularly interested in the locations described in the content of
tweets. While both the news and literature told us that people used Twitter and other
social media platforms to request for help and share information, we still do not know how
specifically people describe locations in social media messages during this natural disaster.
Manually analyzing the 7,041,866 tweets is practically impossible. Thus, we use a simple
regular expression to narrow down the target tweets to be analyzed. The regular expression
contains about 70 location-related terms that are frequently observed in place names and
location descriptions, such as “street”, “avenue”, “park”, “square”, “bridge”, “rd”, and
“ave”. A full list of these terms and the constructed regular expression can be accessed at:
https://github.com/geoai-lab/HowDoPeopleDescribeLocations. Running this regular
3
4
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expression against the 7 million tweets returns 15,834 tweets. A quick examination of these
15,834 tweets shows that many of them contain detailed location descriptions, such as house
number addresses or school names. For curiosity, we also run the same regular expression
against the 7,540 geotagged tweets. Only 203 tweets are returned. This result suggests that
there are many tweets that contain location descriptions but are not geotagged. Thus, we
will miss important information if we focus on geotagged locations only.
We randomly select 1,000 tweets from the 15,834 records returned by the regular expression.
This selection is performed as follows: we first remove retweets to avoid duplication; we then
index the remaining tweets, and generate 1,000 non-repeating random integers that are used
as the indexes to retrieve the corresponding tweets. As we read through some of these tweets,
we see vivid images of people seeking help and sharing information during Hurricane Harvey.
Some examples are provided as below:
“12 Y/O BOY NEEDs RESCUED! 8100 Cypresswood Dr Spring TX 77379 They are
trapped on second story! #houstonflood”
“80 people stranded in a church!! 5547 Cavalcade St, Houston, TX 77026 #harveyrescue
#hurricaneharvey”
“Rescue needed: 2907 Trinity Drive, Pearland, Tx. Need boat rescue 3 people, 2 elderly
one is 90 not steady in her feet & cant swim. #Harvey”
“Community is responding at shelters in College Park High School and Magnolia High
School #TheWoodlands #Harvey. . . ”
“#Houston #HoustonFlood the intersection of I-45 & N. Main Street”
While the above tweets certainly do not represent all of those posted during Hurricane
Harvey, they demonstrate the urgency of some requests. Effectively and efficiently extracting
locations from these tweets can help responders and volunteers to reach the people at risk
more quickly and can even save lives. In addition, these examples also show that some people
were requesting help for others. Thus, even if their tweets were geotagged, it is necessary to
focus on the locations described in the content rather than the geotagged locations.

4

Understanding the locations described in Harvey tweets

In this section, we examine and understand the ways people describe locations based on the
1,000 tweets. To do so, we carefully read through each of the tweets, identify and annotate
the locations described in their content, and classify the location descriptions. It is worth
noting that we focus on the descriptions that refer to specific geographic locations rather
than general locative expressions [24], such as “this corner” or “that building”. The data
annotation is done in the following steps. First, the second author reads each tweet and
annotates the location descriptions identified; second, the first author goes through the entire
dataset, checking each location annotation and discussing with the second author to resolve
any annotation difference; a preliminary list of location categories is also identified in this
step; third, the first author goes through the entire dataset again, refines the list of categories,
and classifies the location descriptions; fourth, the second author performs another round of
checking to examine the classified location descriptions. The locations are annotated using
the IOB model widely adopted in the CoNLL shared tasks [37]. In the process of annotating
the data, we also find that some of the initial 1,000 tweets do not contain specific locations
(e.g., a tweet may say: “My side street is now a rushing tributary”). We replace those tweets
with others randomly selected from the rest of the data, so that each of the 1,000 tweets
contains at least one specific location description. The annotated dataset is available at:
https://github.com/geoai-lab/HowDoPeopleDescribeLocations.
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Ten categories of location descriptions are identified based on the 1,000 Hurricane Harvey
tweets (Table 1). The number of tweets in each category is also summarized in Table 1 in the
column Count. It is worth noting that a tweet may contain more than one type of location
descriptions, and therefore can be counted toward more than one category.
Table 1 Ten categories of location descriptions identified from the 1,000 Harvey tweets.
Category
C1: House
number addresses

C2: Street names

C3: Highways

C4: Exits of
highways

C5: Intersections
of roads (rivers)

C6: Natural
features

C7: Other
human-made
features

C8: Local
organizations

C9: Admin
units

C10: Multiple
areas

Examples
- “Papa stranded in home. Water rising above waist. HELP
8111 Woodlyn Rd, 77028 #houstonflood”
- “#HurricaneHarvey family needs rescuing at 11800
Grant Rd. Apt. 1009. Cypress, Texas 77429”
- “#Harvey LIVE from San Antonio, TX. Fatal car
accident at Ingram Rd., Strong winds.”
- “Allen Parkway, Memorial, Waugh overpass, Spotts
park and Buffalo Bayou park completely under water”
- “9:00AM update video from Hogan St over White Oak
Bayou, I-10, I-45: water down about 4’ since last night. . . ”
- “Left Corpus bout to be in San Angelo #HurricaneHarvey
Y’all be safe Avoided highway 37 Took the back road”
- “Need trailers/trucks to move dogs from Park Location:
Whites Park Pavillion off I-10 exit 61 Anahuac TX”
- “TX 249 Northbound at Chasewood Dr. Louetta Rd.
Exit. #houstonflood”
- “Guys, this is I-45 at Main Street in Houston. Crazy.
#hurricane #harvey. . . ”
- “Major flooding at Clay Rd & Queenston in west Houston.
Lots of rescues going on for ppl trapped...”
- “Buffalo Bayou holding steady at 10,000 cfs at the gage
near Terry Hershey Park”
- “Frontage Rd at the river #hurricaneHarvey
#hurricaneharvey @ San Jacinto River”
- “Houston’s Buffalo Bayou Park - always among the first
to flood. #Harvey”
- “If you need a place to escape #HurricaneHarvey, The
Willie De Leon Civic Center: 300 E. Main St in
Uvalde is open as a shelter”
- “#Harvey does anyone know about the flooding conditions
around Cypress Ridge High School?! #HurricaneHarvey”
- “Cleaning supply drive is underway. 9-11 am today
at Preston Hollow Presbyterian Church”
- “#HurricaneHarvey INTENSE eye wall of category 4
Hurricane Harvey from Rockport, TX”
- “Pictures of downed trees and damaged apartment building
on Airline Road in Corpus Christi.”
- “#HurricaneHarvey Anyone doing high water rescues in the
Pasadena/Deer Park area? My daughter has been stranded
in a parking lot all night”
- “FYI to any of you in NW Houston/Lakewood Forest,
Projections are showing Cypress Creek overflowing at Grant Rd”

Count
257

571

68

8

109

77

219

60

644

6

For category C1, we are surprised to see many tweets using the very standard U.S. postal
office address format, with a house number, street name, city name, state name, and postal
code. Those house number addresses, once effectively extracted from the text, can be located
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via a typical geocoder (although today’s geocoders and geoparsers are developed as separate
tools). Some addresses only contain a house number and a street name. Those addresses can
be located by narrowing down to the area that is affected by the disaster, e.g., Houston or
Texas in the case of Hurricane Harvey.
Categories C2 and C3 cover location descriptions about roads and highways. These two
categories could be merged into one. We separate them because our experiments later find
that existing NER tools have difficulty in recognizing the US highway names, such as I-45
and Hwy 90. Yet, those highway names are common in many geographic areas of the US
and in the daily conversations of people. Thus, we believe that this category is worth to be
highlighted from the perspective of developing better geoparsers.
Category C4 covers highway exits. People can use an exit to provide a more precise
location related to a highway. They may use the exit number, e.g., “exit 61”, or the street
name of an exit, e.g., “Louetta Rd. Exit”. This may be related to the US culture since road
signs on the US highways often provide both the exit numbers and the corresponding street
names. One may also use two exits in one tweet to describe a segment of a highway, such as
in “My uncle is stuck in his truck on I-45 between Cypress Hill & Huffmeister exits”.
Category C5 covers location descriptions related to road (or river) intersections. We
identify five ways used by people in tweets to describe road intersections: (1) Road A and
Road B, (2) Road A & Road B, (3) Road A at Road B, (4) Road A @ Road B, (5) Road A
/ Road B. Besides, people often use abbreviations when describing intersections, e.g., they
may write “Mary Bates and Concho St” instead of “Mary Bates Blvd and Concho St”. The
intersections of two rivers, or a road and a river, are described in similar ways, such as in
“White Oak Bayou at Houston Avenue 1:00 pm Saturday #Houston”. A tweet may contain
more than one intersection, such as in “Streets Flooded: Almeda Genoa Rd. from Windmill
Lakes Blvd. to Rowlett Rd.” which uses two intersections to describe a road segment.
Categories C6, C7, and C8 cover location descriptions related to natural features, other
human-made features (excluding streets and highways), and local organizations. These
location descriptions are generally in the form of place names, such as the name of a bayou,
a church, a school, or a park. We find that many tweets also provide the exact address in
addition to a place name, such as the second example of C7.
Category C9 covers location descriptions related to towns, cities, and states. Examples
include Houston, Katy, Rockport, Corpus Christi, Texas, and TX. This type of locations has
limited value from a disaster response perspective, due to their coarse geospatial resolutions.
Category C10 covers locations related to multiple areas. We find that people use this
way to describe a geographic region that typically involves two smaller neighborhoods, towns,
or cities, such as “Pasadena” and “Deer Park” in the first example.
In summary, we have identified ten categories of location descriptions based on the 1,000
tweets from Hurricane Harvey. Overall, people seem to describe their locations precisely by
providing the exact house number addresses, road intersections, exit numbers of highways, or
adding detailed address information to place names. One reason may be that people, when
under emergency situations, may choose to describe locations in precise ways in order to
be understood by others such as first responders and volunteers. While these categories are
identified based on the 1,000 tweets from a particular disaster, they seem to be general and
are likely to be used by people in future disasters in the US. Understanding these location
descriptions is fundamental for designing effective geoparsers to support disaster response.
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Extracting locations from Harvey tweets using existing tools

With the 1,000 Harvey tweets annotated, we examine the performance of existing tools on
extracting locations from these tweets. While this seems to be a straightforward task, there
are limitations in existing geoparsers that prevent their direct application. First, none of
the five geoparsers that we discussed previously, namely GeoTxt, TopoCluster, CLAVIN,
the Edinburgh Geoparser, and CamCoder, have the capability of geocoding house number
addresses which are an important type of location descriptions (the category of C1 ). Second,
none of the five geoparsers have the capability of geo-locating local street names and highway
names (the categories of C2 and C3 ) at a sub-city level (largely due to their use of the
GeoNames gazetteer which focuses on the names of cities and upper-level administrative
units), let alone road intersections and highway exits (the categories of C4 and C5 ). It
is worth noting that these limitations do not suggest that existing geoparsers are not well
designed; instead, they suggest that there is a gap between the demand of processing disasterrelated tweets focusing on a local area and the expected application of the existing geoparsers
for extracting city- and upper-level toponyms throughout the world (the category of C9 ).
Such an application fits well with one of the important objectives of GIR research, namely to
geographically index documents such as Web pages [2]. Although we cannot directly apply
existing geoparsers to the Harvey tweets, we can examine their components on toponym
recognition and resolution respectively.

5.1

Toponym recognition

Existing geoparsers typically use off-the-shelf NER tools for the step of toponym recognition
rather than designing their own models. A rationale of doing so is that toponym recognition,
to some extent, can be considered as a subtask of named entity recognition. Indeed, many
NER tools can recognize multiple types of entities from text, such as persons, companies,
locations, genes, music albums, and others. Thus, one can use an NER tool for toponym
recognition by keeping only locations in the output, and save the effort of developing a model
from scratch. How would the NER tools used in existing geoparsers perform on the Hurricane
Harvey tweets? In the following, we conduct experiments to answer this question.
The NER tools to be tested in our experiments are the Stanford NER and the spaCy
NER, both of which are used in existing geoparsers. Particularly, the Stanford NER has been
used in GeoTxt, TopoCluster, and CLAVIN, and the spaCy NER has been used in CamCoder.
The Stanford NER has both a default version, which is sensitive to upper and lower letter
cases, and a caseless version. Considering that the content of tweets may not have regular
capitalization as in well-formatted text, we test both the default case-sensitive Stanford
NER and the caseless version. With the typically used 3-class model, both case-sensitive
and caseless Stanford NER have three classes in their output: Person, Organization, and
Location. Given the names of the three classes, one might choose to keep Location only in
the output. However, doing so will miss schools and churches described in the tweets, which
are often used as shelters during a disaster, because the Stanford NER considers schools and
churches as Organization. An alternative choice is to keep both Location and Organization
in the output. However, such a design choice will include false positives. For example, in the
sentence “The Red Cross has provided recovery assistance to more than 46,000 households
affected by Hurricane Harvey”, “Red Cross” will be included in the output since it is an
Organization; this adds a false positive into the toponym recognition result. The spaCy
NER has a similar issue, whose output includes multiple classes related to geography. These
classes are Facility (e.g., buildings, airports, and highways), Organization (e.g., companies,
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agencies, and institutions), GPE (Geo-Political Entity; e.g., countries, cities, and states), and
Location (e.g., non-GPE locations, mountain ranges, and bodies of water). Again, one might
choose to keep Location only given the names of these classes, and a direct consequence
is that the spaCy NER will only recognize natural features, such as rivers and mountains,
and will miss all other valid toponyms. On the other hand, keeping all the classes can
introduce false positives into the output of the spaCy NER. In this work, we test these
different design choices for the Stanford NER and the spaCy NER. Specifically, we examine
the performances of the Stanford NER when only Location is kept in the output (we call
it “narrow” version) and when both Organization and Location are kept (“broad” version).
For the spaCy NER, we examine its performances when only Location is kept (“narrow”)
and when all location-related entities are kept (“broad”). In total, we test six versions of
the NER tools: the default Stanford NER (narrow and broad), the caseless Stanford NER
(narrow and broad), and the spaCy NER (narrow and broad).
In the first set of experiments, we evaluate the performances of these NER tools on
recognizing all locations regardless of their categories from the 1,000 Hurricane Harvey tweets.
The metrics used are precision, recall, and F-score (Equations 1-3).
tp
tp ` f p
tp
Recall “
tp ` f n
P recision ˆ Recall
F -score “ 2 ¨
P recision ` Recall

P recision “

(1)
(2)
(3)

Precision measures the percentage of correctly recognized locations (true positives or tp)
among all the locations that are recognized by the model (both tp and false positives (fp)).
Recall measures the percentage of correctly recognized locations among all the annotated
locations which include tp and false negatives (fn). F-score is the harmonic mean of the
precision and the recall. F-score is high only when both precision and recall are fairly high,
and is low if either of the two is low.
The performances of the six versions of NER tools are reported in Table 2. Overall, the
Table 2 Performances of the NER tools on the 1,000 Hurricane Harvey tweets.
NER tool
Stanford default
(Narrow)
Stanford default
(Broad)
Stanford caseless
(Narrow)
Stanford caseless
(Broad)
spaCy NER
(Narrow)
spaCy NER
(Broad)

Precision

Recall

F-score

0.829

0.400

0.540

0.733

0.441

0.551

0.804

0.321

0.458

0.723

0.337

0.460

0.575

0.024

0.046

0.463

0.305

0.367

performances of all four versions of the Stanford NER dominate the spaCy NER. This result
suggests the effectiveness of this classic and open source NER tool developed by the Stanford
Natural Language Processing Group [26]. The default Stanford NER with a narrow output
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(i.e., keeping Location only) achieves the highest precision, while the default Stanford NER
with a broad output (i.e., keeping both Location and Organization) achieves the highest
recall and F-score. This result can be explained by the capability of the broad Stanford NER
in recognizing schools, churches, and other organizations that are also locations in these
Hurricane Harvey tweets. The lower precision of the broad Stanford NER compared with
the narrow Stanford NER is explained by the included false positives of the broad version.
Another interesting observation from the result is that the default Stanford NER overall
performs better than the caseless Stanford NER. Since tweets are user-generated content that
may not follow the regular upper and lower cases, we may be tempted to use the caseless
version of the Stanford NER. While there do exist tweets with ill-capitalized words, we find
that a large percentage of the analyzed tweets (over 85%) still use correct capitalization.
Thus, using a caseless version of the Stanford NER, which completely ignores letter cases
in the text, will miss the information contained in the correct capitalization used by many
tweets. On the other hand, if one expects that most capitalization in the text is incorrect or
the text is not capitalized at all, then the caseless version is likely to be a better choice.
In the second set of experiments, we evaluate the performances of the NER tools on the
different categories of location descriptions reported in Table 1. Here, we cannot use the
same Precision, Recall, and F-score as the evaluation metrics. This is because these NER
tools do not differentiate the ten categories of locations (e.g., the Stanford NER considers
all of the entities as Location or Organization, while the spaCy NER does not differentiate
streets, highways, and other human-made features). Thus, we use the metric of Accuracy
that has been used in previous studies, such as [10, 18, 12, 40]. It is calculated using the
equation below:
Accuracyc “

|Recognized X Annotatedc |
|Annotatedc |

(4)

where Accuracyc represents the Accuracy of a model on the location category c; Recognized
represents the set of all locations recognized by the model; and Annotatedc represents the
set of annotated locations in the category c.
In addition, an NER tool cannot recognize a location that consists of multiple entities. For
example, a house number address like “5547 Cavalcade St, Houston, TX 77026” (category
C1 ) consists of a door number, a street name, a city name, a state name, and a zip code,
which are typically recognized as separate entities by an NER. Similar situation applies to
road intersections (category C5 ) and multiple areas (category C10 ). These three categories
are thus not included in the experiments. The performances of the NER tools on the other
seven location categories are shown in Figure 3.
A number of observations can be obtained from the result. First, all six versions of the
NER tools fail on the category C4: Exits of highways. This suggests a major limitation of
using these off-the-shelf NER tools for toponym recognition: they will miss all the rescue
requests whose locations are in the form of highway exits. Second, the broad version of
the default Stanford NER has the highest accuracy across different categories of location
descriptions. However, the broad version likely sacrifices precision for recall (which cannot
be directly measured for each individual category), given its lower overall precision compared
with the narrow version reported in Table 2. As can be seen in Figure 3, the broad version
of the Stanford NER shows a major gain in recognizing organizations (C8 ), since it includes
entities in the type of Organization in the output. While the broad version also recognizes
more locations in other categories, this is often because those locations are considered
as Organization by the Stanford NER in general. For example, centers, such as “Walnut
Hill Rec Center” and “Delco Center”, in our category C7 are considered as Organization
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Figure 3 Performances of the NER tools on the different categories of location descriptions.

by the Stanford NER. Third, five out of the six NER tools recognize fair percentages of
administrative unit names (the category of C9 ), such as “Houston” and “Texas”. The only
exception is the narrow version of the spaCy NER, since it only recognizes the names of
natural geographic features. Despite the fair performances of the NER tools, this category of
locations has limited value for disaster rescue purposes. Fourth, the performances of the NER
tools on street names (C2 ) and highway names (C2 ) are low, but these location description
are usually critical for locating the people who need help. A more detailed examination of
the result shows that these NER tools often miss the street names that contain numbers,
such as 26th St and 31st Ave. Similarly, they miss the highway names, such as I-10 and Hwy
90, in which numbers are used even more frequently than in street names. Finally, these
NER tools have only low to fair performances on natural features (e.g., rivers and bayous;
C6 ) and other human-made features (e.g., parks; C7 ).
In sum, the experiment results suggest that existing NER tools have limited performance
in recognizing locations, especially sub-city level locations, from disaster-related tweets. They
do not have the capability of recognizing location descriptions that consist of multiple entities,
such as house number addresses, road intersections, and multiple areas, and largely fail on
highways, highway exits, and the street names that contain numbers. As a result, there is
a need for developing more effective toponym recognition models that can recognize these
location descriptions from tweets.

5.2

Toponym resolution

The toponym resolution components of existing geoparsers use a variety of strategies to
resolve ambiguity and geo-locate place names. These strategies include heuristics based on
the population of cities (e.g., a toponym is resolved to the place with the highest population),
the co-occurrences of related place names (e.g., the names of higher administrative units),
and others [1, 20]. There are also methods that create a grid tessellation covering the surface
of the Earth and calculate the probability of a place name to be located in each grid [7, 11].
However, existing toponym resolution components focus more on the task of disambiguating
and geo-locating place names at a world scale, such as understanding which “Washington”
the place name is referring to, given the many places named “Washington” in the world.
By contrast, the task of resolving locations described in disaster related tweets has different
characteristics. First, these locations are generally at sub-city level, such as roads and house
number addresses. Unlike cities, these fine-grained locations are often not associated with
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populations. This makes it difficult to apply existing toponym resolution heuristics based on
population. Second, given these location descriptions are about a disaster-affected local area,
the task of toponym disambiguation becomes easier. While there can still be roads having the
same name within the same city, the number of places that share the same name decreases
largely (e.g., there is no need to disambiguate over 80 different “Washington”s when we focus
on a local area). Third, point-based location representations typically returned by existing
geoparsers become insufficient. We may need lines or polygons, in addition to points, to
provide more accurate representation for the described locations.
Given that existing toponym resolution strategies are not applicable to the task of
resolving location descriptions in disaster-related tweets, we discuss what are needed if we
are going to develop a toponym resolution model for handling this task. First, it is necessary
to have a local gazetteer that focuses on the disaster affected area and has detailed geometric
representation (i.e., points, lines, and polygons) of the geographic features. Compared with
the typically used GeoNames gazetteer, a local gazetteer serves two roles: (1) it reduces place
name ambiguity by limiting place names to the disaster-affected area; and (2) it provides
detailed spatial footprints for representing fine-grained locations. Such a local gazetteer could
be constructed by conflating OpenStreetMap data, the GeoNames data within the local
region, and authoritative geospatial data from mapping agencies. Second, we need a geocoder
embedded in the toponym resolution model to handle house number addresses. Successfully
embedding such a geocoder also requires the local gazetteer to contain house number data
along with the roads and streets. Third, additional natural language processing methods
are necessary to identify the spatial relations among the multiple locations described in the
same tweet. This is especially important for location descriptions in Categories C4, C5, and
C10 when we need to locate the intersection of two roads (or a road and a river), the exit
of a highway, or a combination of two regions. In addition, the NLP methods can help the
toponym resolution model determine which geometric representation to use. Consider two
possible tweets “Both Allen Parkway and Memorial Dr are flooded” and “Flooding at the
intersection of Allen Parkway and Memorial Dr”. While the same roads are described in
these two tweets, the ideal geometric representation for them should be different.

6

Conclusions and future work

Hurricane Harvey is a major natural disaster that devastated the Houston metropolitan area
in 2017. Hurricane Harvey also witnessed the wide use of social media, such as Twitter,
by the disaster-affected people to seek help and share information. Given the increasing
popularity of social media among the general public, they are likely to be used in future
disasters. One challenge in using social media messages for supporting disaster response is
automatically and accurately extracting locations from these messages. In this work, we
examine a sample of tweets sent out during Hurricane Harvey in order to understand how
people describe locations in the context of a natural disaster. We identify ten categories of
location descriptions, ranging from house number addresses and highway exits to humanmade features and multiple regions. We find that under emergency situations people tend to
describe their locations precisely by providing exact house numbers or clear road intersection
information. We further conduct experiments to measure the performances of existing tools
for geoparsing these Harvey tweets. Limitations of these tools are identified, and we discuss
possible approaches to developing more effective models. In addition to social media messages,
other approaches, such as what3words (what3words.com), could also be promoted to help
people communicate their locations in emergency situations. What3words could be especially
useful in geographic areas that lack standard addresses; meanwhile, it will also require people
to have some familiarity with the system and install the relevant app.
GIScience 2021
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A number of research topics can be pursued in the near future. First, while we have
gained some understanding on how people describe locations during a natural disaster, it is
limited to English language and within the culture of the United States. People speaking
other languages or in other countries and cultures are likely to describe locations in different
ways that need further investigation. Second, we can move forward and experiment possible
approaches to developing models for recognizing and geo-locating the location descriptions
in tweets posted during disasters. Examples include toponym recognition models that
can correctly recognize highways and streets whose names contain numbers, and toponym
resolution models that can correctly interpret the spatial relations of the multiple locations
described in the same tweet. Finally, location extraction is only one part (although an
important part) of the whole pipeline for deriving useful information from social media
messages. Future research can integrate location extraction with other methods, such as
those for verifying information veracity and classifying message purposes, to help disaster
responders and volunteer organizations make more effective use of social media and reach
the people in need.
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Abstract
Neighbourhood graphs are useful for inferring the travel network between locations posted in the
Location Based Social Networks (LBSNs). Existing neighbourhood graphs, such as the Stepping
Stone Graph lack the ability to process a high volume of LBSN data in real time. We propose a
neighbourhood graph named Diversion Graph, which uses an efficient edge filtering method from
the Delaunay triangulation mechanism for fast processing of LBSN data. This mechanism enables
Diversion Graph to achieve a similar accuracy level as Stepping Stone Graph for inferring travel
networks, but with a reduction of the execution time of over 90%. Using LBSN data collected from
Twitter and Flickr, we show that Diversion Graph is suitable for travel network processing in real
time.
2012 ACM Subject Classification Information systems → Geographic information systems
Keywords and phrases moving objects, shortest path, graphs
Digital Object Identifier 10.4230/LIPIcs.GIScience.2021.I.7
Funding This research is funded in part by the Defence Science and Technology Group, Edinburgh,
South Australia, under contract MyIP:6104.

1

Introduction

Location Based Social Networks (LBSNs) contain a large volume of location information
posted by the users. The location data collected from LBSN can be further processed to
understand various aspects of users’ lives [19, 20]. LBSN data can be processed to infer the
travel network between the posted locations [8]. Inferring a travel network is to find a set of
edges between the posted locations or a subset of the locations so that a path can be found
between any pair of the locations in the network. Processing LBSN data for such purposes is
difficult due to the scale of the data to be processed. We are interested in efficient methods
for inferring travel networks with LBSN data.
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Location data collected from LBSNs is usually in the form of GPS points. Distance-based
connected neighbourhood graphs have been used for inferring the relationship between a set
of distinct GPS points [5]. Neighbourhood graphs are also called proximity graphs, where
edges between the points are built based on certain spatial relationship between the points.
Delaunay Triangulation (DT ) is a well-known distance-based connected neighbourhood graph.
Gabriel Graph (GG) [7], Relative Neighbourhood Graph (RN G) [17] and Urquhart Graph
(U G) [18] are extended from DT for movement network analysis. For example, Figure 1
(a) represents locations collected from Twitter relating to a state election. Figures 1 (c,h,i)
represent GG, RN G and U G skeletons, which are the geometric realization of neighbourhood
graphs and show the geometric shape of the point set.
Unlike the aforementioned graphs, there is a type of graphs called variable graphs, which
can generate a spectrum of possible skeletons based on different values of given parameters.
Therefore, the variable graphs are making them more versatile than other types of graphs. In
the rest of the paper, we specify the parameters used by variable graphs in the name of the
graphs. The Shortest Path Graph (SP G(t)) [6] and the Stepping Stone Graph (SSG(d)) [8]
are two commonly used variable graphs, built on the idea that the shortest path through the
inferred edges can be aligned with the shortest path through the imprecise region represented
by the point set. While SP G(t) considers the shortest path over all points when inferring
edges, SSG(d) only considers the shortest path that goes through points within the relative
neighbourhood between two points. Due to this difference, the travel networks created with
SSG(d) are more similar to real world travel networks. Both SP G(t) and SSG(d) can
generate various graph skeletons based on a single parameter. Figure 1 (b,d,f,h) represent
different SSG(d) skeletons of the same point set based on different parameter settings.
Although existing neighbourhood graphs can process LBSN data with a few hundred
locations, they are not suitable for large datasets due to the long running times. With
the widespread use of GPS-enabled mobile phones, the size of LBSN datasets tends to be
significantly large. Therefore we need to investigate efficient methods to infer travel networks
based on the location data collected from LBSNs.
In this paper, we propose a new type of variable graph, which we refer to as the Diversion
Graph (DG(d)). The skeletons inferred by DG(d) are likely to be close to human perception
of the corresponding point set. We show in our experiments that DG(d) is easier and faster to
build than SSG(d), and gives similar results in processing certain spatial queries as SSG(d).
Similar to SSG(d), DG(d) is defined on top of DT and uses Diversion Neighbourhood
(DN (d)) to cull edges from DT . Instead of checking all the points that lie in DN (d) between
two points, DG(d) only considers points in the neighbouring Delaunay triangles of the edge
that is considered for culling. This approach is suitable for inferring travel networks with
LBSN data as we assume that the social network data gives us partial data per individual
user in terms of its path but with a good picture of where people could be in an event in a
city. As explained with the definitions of the DG(d) (Section 3.1), for all endpoint pairs the
value of d indicates the preference of inferring a longer alternative path with less distance
between all point pairs on the path compared to the direct distance between the endpoint
pair. This is useful when we have a very dense point set to cull some connections. Similar
to both SP G(t) and SSG(d), as d increases, the number of edges in DG(d) monotonically
decreases and therefore the path length between any two non-adjacent points in the skeleton
monotonically increases. It is also important to note that GG is a special case of DG(d)
when d = 2.
We use publicly available LBSN data to evaluate the performance of DG(d) and SSG(d)
for inferring travel networks. We show that DG(d) performs as well as SSG(d) in terms of
the quality of the inferred network but DG(d) achieves significantly faster execution times
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(a) location set.

(b) SSG(2) = GG.

(c) DG(2) = GG.

(d) SSG(4).

(e) DG(4).

(f) SSG(10).

(g) DG(10).

(h) SSG(∞) = RNG.

(i) DG(∞) = UG.

Figure 1 SSG(d) and DG(d) skeletons created on a subset of locations from Twitter data set.
Note that two skeletons in a row are created using two algorithms, but exhibit the same graph
structure.
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than SSG(d). In fact, DG(d) takes less than 10% of the time required to infer a movement
network than SSG(d). DG(d) contains a few more edges (less than 2% of the total number
of edges [1]) compared to SSG(d). However, compared to the time advantage of DG(d), the
negative impact of the additional edges in negligible. We observe that the resulting DG(d)
and SSG(d) are very similar in terms of their shape and topology.

2

Related Work

In this section, we present the related work in two categories. The first category, LBSN
data processing, presents systems and techniques used to process LBSN data. The second
category, neighbourhood graphs, provides an overview of neighbourhood graphs related to
the proposed Diversion Graph.

2.1

LBSN Data Processing

MacEachren et al. develop an LBSN analysis system SensePlace2 which is used to query and
visualize social media data over an interactive map interface [11]. Chae et al. develop another
systems for analysing public behaviour using LBSN data [4]. Geospatial heatmaps are used in
both systems to provide a summarized view of the spatial distribution of LBSN posts. Many
LBSN-based analytics systems support real time processing of LBSN data. For example,
RAPID is a real-time analytics platform for interactive data mining [10]. It streams social
media data and processes it to generate real time results. There are many types of analytics
that can be performed by the systems like RAPID. For example, the detection of the most
popular path followed by the users and the extraction of movement corridors [8]. When
performing such analytics at real time it is important to have a neighbourhood graph like
the proposed Diversion Graph that generates high quality results while minimizing execution
time.

2.2

Neighbourhood Graphs

Neighbourhood graphs infer edges between points based on a neighbourhood defined on the
points [3]. On two dimensional space neighbourhood represents an area, which can be defined
per point, per point pair or per all points in the sample. Neighbourhood graphs that infer
edges based on the emptiness (absence of other points within a region) of the neighbourhood
surrounding the endpoint pair of the edge are referred as Empty Region Graphs (ERG) [3].
Gabriel Graph (GG) [7] is a static ERG, first proposed as a tool for geographic variation
analysis. GG uses the closed circle (a circle where inferring edge becomes a diameter) as
the empty region for inferring edges. Relative Neighbourhood Graph (RN G) [17] is another
ERG, which uses open lune as the empty regions of inferring its edges. RN G can infer a
structure close to human perception of a point set [17]. Both GG and RN G are useful for
analysing the shape of a point set.
Urquhart Graph (U G) [18] was first proposed for fast construction of RN G. It was later
proved that the U G is not always similar to RN G [16], but U G only differs from RN G by
2% maximally. Therefore U G can be seen as a faster method to approximate RN G [1]. We
are combining the thought process behind U G creation and the Diversion neighbourhood of
the SSG(D) to create DG(d).
Delaunay Triangulation (DT ) is a Triangulated Irregular Network (TIN) with many
benefits. It serves as a planar graph which has similar properties as the complete graph. For
this reason, it can be used as the starting graph for inferring many other planar graphs. Due
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to having a low spanning ratio and faster inferring it is used in many travel network analysis
problems. Note that M ST ⊆ RN G ⊆ U G ⊆ GG ⊆ DT . As later shown in properties
section, DG(2) = GG and DG(∞) = U G.
Mark de Berg et al. proposed Shortest Path Graph (SP G(t)) as a base skeleton for
delineating mechanism to identify boundary and cavities within an imprecise region [6].
They show that SP G(2) is better for delineating imprecise regions compared to both Kernel
Density Estimation (KDE) and GG [6]. SP G(t)’s global evaluation criteria is highlighted
as the main reason for its success. However, the quality of results generated using SP G(t)
heavily depends on certain parameter settings.
SSG(d) follows the general intuition used in proposing SP G(t), which is to roughly align
paths in the graph with paths in the imprecise region. Rather than using global criteria as
used in SP G(t), SSG(d) uses local criteria making it faster than SP G(t) and more effective
for movement analysis [8].
When the value of the parameter in SPG and SSG approaches infinity, SP G(t) converges to
M ST and SSG(d) converges to RN G, and our proposed DG(d) converges to U G (Theorem 6)
which is a close approximation of RN G. Since U G is a close approximation of RN G,
structures generated using DG(d) are closely related to the human perception of the point
set. It should be noted that DG(d) may contain some additional edges compared to the
SSG(d) with the same d value. However, due to the relaxed nature of evaluation criteria for
DG(d), inferring the graph takes much less time compared to inferring SSG(d) or SP G(t).

3

Diversion Graph

Given a set of points, a Diversion Graph (DG(d)) connects the points in a traversable
manner.

3.1

Definitions

We construct DG(d) in the form of an undirected graph G(V, E) where V ⊆ R2 represents a
given point set and E represents the inferred edges between the points. An edge between two
endpoints p, q ∈ V is represented as pq ∈ E. Length lpq represents the Euclidean distance
between the two points.
As DG(d) is defined using Delaunay Triangulation (DT ), let us briefly iterate a useful
property of DT . DT is a triangulation of a point set, in which each triangle’s circumcircle
does not contain any other points other than triangle’s vertices. Also, DT is the dual of
Voronoi diagram. Our proposed graph DG(d) is evaluated by removing some edges from the
DT .
I Definition 1 (Diversion Graph). For V ⊆ R2 , the Diversion Graph of V at d ∈ R : d ≥ 2,
denoted DG(V, d) or simply DG(d), is an undirected graph containing a subset of DT (V )
such that for each edge pq ∈ DT (V ):
d
d
d
pq is not an edge of DG(V, d) iff lpz
+ lzq
≤ lpq
,

where z is the other point in a Delaunay triangle where pq is an edge.
By this definition in common terms, DG(d) is the graph created by removing edges pq
d
d
d
from DT if and only if lpz
+ lzq
≤ lpq
where z is a vertex of a Delaunay triangle where pq
is an edge. Therefore inherently DG(d) is a subgraph of DT . We explore the properties of
DG(d) in the next section.
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Figure 2 Counter example to show DG(d) does not always equal to SSG(d). Dashed line shows
diversion neighbourhood at d = 4 (DN (4)). Points p and q have equal y coordinates. Both points r
and s reside out side of DN (4). Point t lies inside shown DN (4).

3.2

Diversion Graph Properties

Since DG(d) is created by removing edges from DT , we can state the following theorem.
I Theorem 2. For 2 ≤ d, DG(d) ⊆ DT .
Consider the case DG(2) against GG. By comparing definitions of the two graphs we
can state the following theorem.
I Theorem 3. DG(2) ≡ GG.
Proof. Consider the definition of GG from [12]. The vertices p, q ∈ V are least squares
adjacent forming the edge pq ∈ GG iff
2
2
2
lpq
< lpz
+ lzq
∀z ∈ V \ {p, q}.

Furthermore, in the same paper [12] it is proven that the GG can be extracted from DT by
evaluating the above inequality on each triangle, for each edge. Now let us look at DG(2)
2
2
2
definition. It is extracted from DT by removing edges pq iff lpz
+ lzq
≤ lpq
, for each z which
are other points of the Delaunay triangles where pq is an edge. Since both GG and DG(2)
are evaluated from DT using the same inequality, they are equivalent.
J
Since equation used in DG(d) definition is same as the diversion neighbourhood definition [8], one may think DG(d) and SSG(d) are the same thing. As shown in the following
theorem, SSG(d) ⊆ DG(d).
I Theorem 4. For 2 ≤ d, SSG(d) ⊆ DG(d).
Proof. Consider the five points p, q, r, s, t in Figure 2. Their Delaunay triangulation is shown
in solid straight lines. Points p and q have equal y coordinates. The dashed line indicates
diversion neighbourhood at d = 4 (DN (4)) between p and q. Both points r and s reside
outside of DN (4). Point t lies inside shown DN (4). Let us consider inclusion of edge pq in
DG(4) and SSG(4). Since t is within the DN (4) of pq, pq will not be an edge of SSG(4).
However, since DG(4) considers only points in neighbouring triangles of pq, it only considers
point r when considering the inclusion of pq. Since r is outside the DN (4) of pq, pq becomes
an edge of DG(4). Therefore, for 2 < d, SSG(d) ⊆ DG(d).
J
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In fact, DG(d) can contain more edges than SSG(d). Therefore we can state the following
corollary.
I Corollary 5. For 2 < d, DG(d) is not always equal to SSG(d).
Let us consider behaviour of DG(d) when d → ∞.
I Theorem 6. As d → ∞, DG(d) → U G.
Proof. When d → ∞, by DG(d) definition for an edge pq to be removed from DT , both
other edges of the neighbouring Delaunay triangles only needs to be shorter than pq. In other
words, if pq is the longest edge in a Delaunay triangle it will be removed from DG(d) when
d → ∞. U G is created from DT by removing the longest edge of each Delaunay triangle.
Therefore, as d → ∞, DG(d) → U G.
J
I Theorem 7. For 2 ≤ d, DG(d) is planar and connected.
Proof. Since for 2 ≤ d, DG(d) ⊆ DT , DG(d) is planar. Inequality used in DG(d) is the same
as the diversion neighbourhood of SSG(d). In [8] it is shown that diversion neighbourhood
does not get bigger than open lune neighbourhood. Open lune neighbourhood is proven as the
tight neighbourhood that ensures a connected edge embedding in empty region graphs in [3].
Therefore DG(d) is connected. Combining these arguments we can say for 2 ≤ d, DG(d) is
planar and connected.
J
Next we consider the relationship between two DG(d)s as d increases.
I Theorem 8. For 2 ≤ d ≤ d0 , DG(d0 ) ⊆ DG(d)
0

d
Proof. Define the edge weight of pq with respect to d0 as lpq
, for some d0 ≥ 2. Assume that
0
0
0
d
d
d
for all z ∈ Λ(pq) \ {p, q}, lpz
+ lzq
> lpq
, where Λ(pq) is the set of points in neighbouring
Delaunay triangles of pq. In this case, pq is an edge in DG(d0 ). Now we show that for d ≤ d0 ,
pq is also an edge in DG(d). Let us write d = d0  where d20 ≤  ≤ 1. Then we need to show
that:
0

0

0

0

0

d 
d 
d 
lpz
+ lzq
> lpq

(1)

d 
d 
lpz
+ lzq
>1
0
d
lpq
 d0   d0 
lpz
lzq
+
>1
lpq
lpq
1
 d0   d0  ! 
lzq
lpz
+
>1
lpq
lpq

Since the function x 7→ xβ is subadditive for β ≥ 1 then:


lpz
lpq

1

d0 


+

lzq
lpq

d0  ! 


≥

lpz
lpq

d0


+

lzq
lpq

d0
.

We know the right hand side is greater than 1 due to our initial assumption and therefore
Eq. 1 is true. Therefore pq is also an edge in DG(d) and this completes the proof.
J
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Algorithm 1 Create DG(d).

1
2
3
4
5
6
7
8
9
10

Input: V - Filtered locality set
d - Configuration parameter
Output: DG(d)
DT ← create Delaunay Triangulation of V
initialize DG(d) to empty set
foreach (Edge pq : pq ∈ DT ) do
foreach (Point z : z ∈ Λ(pq) \ {p, q}) do
d
d
d
if (lpq
< lpz
+ lzq
) then
Add pq to DG(d)
end
end
end
return DG(d)

3.3

Algorithms

In this section, we present an efficient algorithm to compute DG(d). Since DG(d) is defined
based on DT we can use DT as the starting graph to compute DG(d). There are two
approaches we can use to compute DG(d) using DT . One approach is to process DT as
triangles and check each edge of the triangle for removal from DT . The second approach is
to process DT as a set of edges and evaluate each edge against the points in the neighbouring
Delaunay triangles to check whether they belong in DG(d). The approach we are presenting
in this paper is the second approach which evaluates edges to check their membership of
DG(d), as it can be easily compared with the d-spectrum algorithm of the SSG(d).
We propose a simple and effective algorithm to calculate DG(d) (Algorithm 1). In the
algorithm, Λ(pq) is the set of points in neighbouring Delaunay triangles of pq. Each other
point in the Λ(pq) \ {p, q} are evaluated against pq to see whether pq is an edge of DG(d).
For simplicity, the condition in line 5 in Algorithm 1 is directly derived from the definition
of DG(d). However, it can be further improved by checking whether other edges connected
with Λ(pq) are longer than pq. The algorithm is readily parallelizable as there is no race
condition between separate edge evaluations.
Let us consider the time complexity of the proposed algorithm for calculating DG(d).
In line 3, as DT has O(n) edges, the code between line 4 and line 8 runs O(n) times. As
each edge pq has at most two neighbouring triangles, the code between line 5 and line 7 runs
at most two times per edge. Line 5 is assumed to run in O(1) time. Therefore, the whole
algorithm runs in O(n) time.

3.3.1

Improving Running Time of SSG(d)

Introduction of DG(d) allows us to efficiently calculate SSG(d) for a specific 2 ≤ d value
without calculating d-Spectrum [8]. Since DG(d) is a super graph of SSG(d) for 2 ≤ d, once
DG(d) is calculated we can use it to evaluate those edge using the triangle sweeping method
presented in Algorithm 1 of [8]. As later shown in the experiments DG(d) only contains a
very small number of additional edges compared to SSG(d). Therefore this is a very efficient
method of computing SSG(d).
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However, it should be noted that computing SSG(d) from DG(d) may be slower for
varying skeleton generation compared to using d-Spectrum. Since d-Spectrum pre-compute
the minimum d-value necessary for an DT edge to be in the SSG(d), varying skeleton
generation takes less time. But for generating SSG(d) for a specific 2 ≤ d using DG(d) is
faster than creating d-Spectrum.

3.4

Applications

The proposed DG(d) can be used in many applications detailed as follows.

3.4.1

Nearest Neighbour Queries

The DG(d) graph structure can be used to search for the path to the nearest interesting
locations from a given location. For example, this kind of query can be used to find the
nearest exit gate in a park. We can use breadth first search starting from the query location
and traverse the graph until a required interesting point is found.
Similarly, we can perform breadth first search on DG(d) for finding k-nearest neighbours.
Instead of stopping breadth first search when the first interesting point is found, it can be
continued until k interesting points are found. As for the edge weights, we can use weights
calculated in the section 3.4.4 according to the usage of edges. This will make sure that the
most popular path to the nearest neighbour will be found. This approach can be extended
to solve reverse nearest neighbour queries and group nearest neighbour queries as suggested
in [9].

3.4.2

Refinement of Movement Corridors

Once DG(d) is created using posted localities in LBSN data, user trajectories can be used to
refine the created travel network. The approach for refining the travel network is as follows.
For each consecutive location pair in user trajectories, the shortest path is determined using
DG(d). For each DG(d) edge, the number of trajectories passed through that edge is recorded
as a usage count (Definition 9). We can then represent movement corridors in the travel
network based on the edges where the usage counts are higher than a given threshold.
I Definition 9 (Usage count). Assuming a path is a sequence of edges traversed by a trajectory
trace, for all pq ∈ E, Usage Count of pq (denoted U C(pq)), is defined as the trajectory count,
U C(pq) = |{path : pq ∈ path}|
One of the problems of using DG(d), is that it does not consider the existence of obstacles.
As trajectories do not appear on obstacles such as rivers, incorporating trajectory information
into DG(d) allows filtering edges not used by the trajectories. By filtering edges not used by
trajectories, we are able to eliminate edges that do not represent user movement information.
In summary, refined movement corridors calculated using DG(d) is an edge subset of DG(d)
which are used by the trajectories for movement.

3.4.3

Inferring Road Network

The aforementioned approach for refining movement corridors can be used to infer the road
network in an area where we do not have prior knowledge about the road networks. Ideally
for this purpose, we need GPS locations published on the road network. The easiest way to
obtain such information is to collect LBSN post published while travelling in vehicles. Using
the GPS data in LBSN posts and associating the GPS points with trajectories, we can infer
the road network in an area.
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3.4.4

Most Popular Paths

After calculating usage counts of DG(d) edges, the counts can be used to find the most
popular path between locations. To find the most popular path, the edge weight in DG(d)
should reflect the popularity of the edges. We can use a shortest path algorithm to calculate
the paths. The edge weights are defined in Definition 10. To ensure edges with more usage
have lower weights, we divide the length of the edge by the usage count of that edge. For an
edge with no usage, the edge length multiplied by a fixed value is used as the edge weight.
After calculating edge weights in this manner, the Dijkstra’s shortest path algorithm can be
used to find the most popular path between two locations.
I Definition 10 (Edge Weight). For all pq ∈ E, weight of pq is defined as,
(
lpq /U C(pq),
if 0 < U C(pq).
weight(pq) =
lpq × C : 1 < C, if U C(pq) = 0.

3.4.5

Other Applications

DG(d) can be used in other applications such as tour recommendation, trajectory clustering
and group movement detections [9]. For all these applications we need to process user
trajectories after creating the initial graph structure to incorporate additional movement
related information to the created graph skeleton.

4
4.1

Experiments
Data Sets

We conducted experiments on two real world LBSN datasets and one synthetic data set. The
first real data set consists of geo-located posts collected from Twitter. It is collected from
06th March to 23rd April 2012, within a bounding box over Australia and New Zealand. It
contains 724651 LBSN posts authored by 36639 users. For our analysis, an LBSN post is
defined as a tuple containing four elements - userID, voluntarily generated textual content,
timestamp and the location where the post was authored.
We used Yahoo! Flickr Creative Commons 100M (YFCC100M) dataset [15] as the second
real dataset. It contains metadata such as user information, timestamp and location of 100
million photos and videos shared on Flickr. Only the entries with point geo-locations were
used for our experiments. For our experiment, we use the localities around the Thames river
in London from the YFCC100M data set.
The synthetic data set for our experiments was generated using SMARTS simulator [13].
We simulated vehicle movement in the Melbourne central business district (CBD) and collected
GPS locations of the vehicles every 0.5 seconds. The data set used for our experiment contains
100000 GPS points.

4.2

Implementation

To visualize the inferred neighbourhood skeletons, a visualization tool was implemented
utilizing GeoTools1 Java libraries. All the skeleton visualizations presented in this paper are
generated using this tool. Both DG(d) and SSG(d) algorithms are implemented using Java
8. The datasets are stored in a MongoDB database.

1

http://www.geotools.org/
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(b) The time to generate the graphs in mili
seconds with varying d.

Figure 3 Graphs depicting different properties between DG(d) and SSG(d).

To infer DG(d), firstly, DT is created using SweepHull [14] algorithm. Then, DG(d) is
calculated using Algorithm 1. SSG(d) is extracted from the planar d-Spectrum created using
DT . We used numerical analysis to calculate d-value of an edge. More specifically, a Java
method was implemented to perform Secant method2 to approximate the d-Value. The same
DT was reused for construction of DG(d) and SSG(d) with different d values. We selected
3 as the configuration value for d to compare resulting graphs generated using DG(d) and
SSG(d) based on preliminary tests.

4.3
4.3.1

Results
Event Analysis

In this experiment, we use a Twitter dataset relating to Queensland state election 2012 3 .
All users participating in the event are there for a common reason and exhibit a similar
movement pattern. We implement an LBSN post filtering technique used in [8], to filter
posts relating to the election. For temporal bound of the dataset, we took the time period
between 23rd and 26th of March 2012. As for the spatial bound, we considered a bounding
box over the Queensland state. We consider all users who have posted with “#qldvote”
hashtag within spatial and temporal bounds of the event. The data set contains, 1270 unique
points after filtering the original Twitter data.
We generate skeletons using DG(d) and SSG(d) with different settings of d. The spanning
ratio [2] of graphs are calculated with varying configuration parameters. Spanning ratio of
a graph indicates the maximum ratio between the shortest path distance over the graph
and direct distance between any point pair. Therefore, graphs with low spanning ratios are
preferred to represent movement networks [2].
Figure 3 (a) shows the variation of spanning ratio as configuration parameter varies to
demonstrate how the shortest path distances between locality pairs change. Both DG(d) and
SSG(d) have a low and stable spanning ratio, making them suitable for movement analysis.
Furthermore, both DG(d) and SSG(d) have the same spanning ratio when d is less or equal
to 8.
The time taken to calculate skeletons of DG(d) and SSG(d) are shown in Figure 3
(b). Execution time for DG(d) calculation is around 95% less compared to SSG(D) for all
configuration values. The relaxed criteria for culling edges in DG(d) algorithm gives it a
significant advantage in computation time.

2
3

https://en.wikipedia.org/wiki/Secant_method
https://en.wikipedia.org/wiki/Queensland_state_election,_2012
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(a) Thick lines indicate refined movement cor- (b) Execution time in mili seconds to generate
ridors extracted using DG(3) and SSG(3).
each graph with varying d.

Figure 4 Results of movement corridor refinement.

(a) Road network extracted using DG(3) and
SSG(3).

(b) Execution time in mili seconds to generate
each graph with varying d.

Figure 5 Results of road network extraction.

4.3.2

Movement Corridors Refinement

The refined movement corridors refer to the edges of the graph that are used by the users
on the move. These edges are selected by aligning user trajectories along the graph edges
using shortest path calculation. We analyse the refined movement corridors relating to the
trajectories filtered from the YFCC100M dataset, which is collected from around the Thames
river in London. We take locations posted over one month. The total number of locations
is 6318. To represent the travel networks, DG(3) and SSG(3) are used. This data set is
selected because it has higher randomness in tourist movement compared to the Twitter data
set. After that trajectories are aligned to both graph skeletons, and all the edges with usage
counts of more than 5 are filtered as refined movement corridors. That is, if an edge is used
by 5 or more trajectories, the edge is selected as a refined movement corridor. Both graphs
resulted in the same refined movement corridor structure (Figure 4 (a)). Edges created
across the river are filtered out as there cannot be any movement on those edges. Figure 4
(b) shows the execution times taken to calculate the graph structures. We can see that the
time for creating DG(d) is only 8% of the time taken to create SSG(d).

4.3.3

Road Network Inference

Refined movement corridor extraction can be used to infer the road network of an area.
Using our synthetic dataset we infer the road network of the Melbourne CBD. In order to
simulate the sparseness of data points in LBSN data, we filtered out some of the points in
the original synthetic dataset. The filtering process first sorts all GPS points based on the
timestamp and then takes one point for every n points from the sorted set. There are 2763
locations collected for this experiment.
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(b) Execution time in mili seconds to generate
each graph with varying d.

Figure 6 Results of most popular path extraction.

In Figure 5 (a), we show the road networks inferred using DG(3) and SSG(3). The two
road networks almost totally overlap with each other. It should be noted that as the filtering
parameter n grows, the data set used to infer road network become more sparse, degrading
the result road network. Results heavily degrade when n reaches around 120. Figure 5 (b)
shows the execution times taken to calculate the graph structures. We can see that DG(d)
creation takes 7% of the time that is used for creating SSG(d).

4.3.4

Most Popular Path Finding

By calculating edge weights to reflect the popularity of edges we can use the resulting graph
to calculate the most popular paths. We used the Twitter data set to run experiments on
extracting the most popular paths. This data set was used because it contains users with
regular movement patterns. We executed the experiment in Melbourne city area where we
found 28431 locations. Figure 6 (a) shows a most popular path found between two locations.
DG(3) and SSG(3) produce the same path. The dashed lines indicate the shortest path
between the two locations while the thick lines indicate the most popular path. When
comparing this result with a map there are roads along the most popular path detected
while there are building on top of the shortest path. Overall 78% of the edges selected for
the most popular path were sitting on the road network of the Melbourne city. Figure 6
(b) shows the executions times taken by DG(d) and SSG(d) to create graphs. Due to the
size of the dataset SSG(d) has resulted in running times longer than one second. However,
DG(d) has generated the graph in 7% of the time taken by the SSG(d), making it suitable
for processing large data sets in real time.

5

Discussion and Future Works

From our experiments, it is clear that given a point set DG(d) creation takes less time
compared to SSG(d) creation. Also, DG(d) shows the similar effectiveness as the SSG(d) in
solving various queries. The low execution time of DG(d) is due to several reasons. Firstly,
for any edge, DG(d) creation algorithm (Algorithm 1) only processes two triangles. However,
for SSG(d), it can be empirically shown that per edge at least three triangles are processed.
This effect should give a 2 : 3 advantage to DG(d) creation compared to SSG(d). However,
our result shows that the ratio of the execution times are 1 : 10 between DG(d) and SSG(d).
Reason for this massive difference is due to the numerical analysis method used to evaluate
the d-value of an edge for SSG(d). For DG(d), only a simple inequality is evaluated based
on Definition 3.1, per processing triangle. For d-spectrum calculation method of SSG(d),
the numerical analysis method runs to determine the least empty diversion neighbourhood
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around an edge. In our implementation, the analysis method used by SSG(d) is the Secant
method , which may need to run hundreds of iterations when processing one edge. Therefore
we experience this massive time difference between DG(d) and SSG(d). Due to this reason,
it is advantageous to use DG(d) in applications where very little processing time is available
to generate results. This also highlights the need for looking into faster ways to locate the
d-value for SSG(d), as future work.
In our experiments, we have used data sets with few thousands of locations. As the
dataset size increases, one may think we can apply existing data processing techniques
applicable on dense GPS data. Even though the LBSN datasets are large, the locations in the
datasets are spread across large areas , resulting in a low density of data points. Therefore,
existing techniques for processing high-density GPS data may not be suitable for processing
LBSN datasets.
The future work on DG(d) can include the autonomous detection of configuration value
d and the analysis of the relationship between DG(d) and β-Skeletons. Determining the
bounds of the spanning ratio for DG(d) is another promising future direction. Investigating
how DG(d) can be used in more application scenarios is also an interesting research topic.
Incorporating geographical feature when solving queries with DG(d) is also an interesting
research topic. With the introduction of DG(d) as a super graph of SSG(d) it is necessary to
investigate how much faster SSG(d) can be generated using DG(d). Since DG(d) definition
is distance based, the concept of DG(d) can be extended to higher dimensions and with
different distance measurements.

6

Conclusion

We presented the Diversion Graph (DG(d)), a connected graph that varies depending on a
single parameter d. We analysed how DG(d) relates to some well-known graph structures,
and we presented how DG(d) can be used to improve running time of the state-of-the-art
graph, the Stepping Stone Graph (SSG(d)). We have empirically shown that DG(d) is both
efficient and effective to analyse LBSN data due to its distance based local evaluation criteria.
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Abstract
While studies on human wayfinding have seen increasing interest, the criteria for the choice of the
routes used in these studies have usually not received particular attention. This paper presents a
methodological framework which aims at filling this gap. Based on a thorough literature review
on route choice criteria, we present an approach that supports wayfinding researchers in finding a
route whose characteristics are as similar as possible to the population of all considered routes with
a predefined length in a particular area. We provide evidence for the viability of our approach by
means of both, synthetic and real-world data. The proposed method allows wayfinding researchers
to justify their route choice decisions, and it enhances replicability of studies on human wayfinding.
Furthermore, it allows to find similar routes in different geographical areas.
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1

Introduction

Selecting a route for a human wayfinding study in a systematic manner is a non-trivial
task. Despite its potential impact on the results, reasonable justifications for routes based
on their features are often neglected. In this paper, we propose, implement and evaluate a
methodological framework which enables researchers to choose a route for human wayfinding
experiments in a given area according to predefined, weighted criteria. The determined
routes are – with respect to these criteria – representative for a (weighted) average route for
the chosen area. Using this framework will, therefore, lead, among others, to an increased
comparability and replicability of in-situ wayfinding studies.
Starting with the replication crisis in psychology [34], reproducibility and replicability
have both seen increased interest in all subfields of geographical sciences in recent years (see
e.g., [32, 35, 20, 24]). At the same time, studies which aim to understand human wayfinding
and/or how interactive assistance can be provided to wayfinders have gained momentum
[21, 12]. These research efforts will likely be continued in the future, as there is neither a
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general agreement on algorithms nor route descriptions or an anywhere close to definite
understanding of the interplay between spatial cognition and the assistance provided by
mobile navigation companions. While there has been some recent progress in terms of
reproducibility (i.e., software and data are made available to the scientific community and
rerunning the analysis using the software and data yields the published results, see [6]), e.g.,
through initiatives like the AGILE initiative on reproducible publications (see also [32]),
increasing the level of replicability may be much harder to achieve. In particular, up until
now, the replicability of wayfinding studies often suffers from the possibility to choose a
route in a systematic manner: the decisions which led to the choice of a particular route are
often not made explicit, leading to the impression that routes are often chosen in an ad-hoc
manner (see Section 2). As a result, oftentimes information other than length, number of
decision points, and a rough classification of the urban environment (e.g., European) is not
given. As a consequence, the impact of differences in route properties cannot be assessed in
an appropriate manner if researchers fail to replicate the results.

2

Related Work

This section provides a thorough overview of route features in studies involving wayfinding
tasks. It provides the basis for the set of features, we use in our methodological framework.
(see Section 3). In order to gain an insight into common practice among researchers to justify
their route choices and the route characteristics they pay attention to, we have systematically
screened six major venues (conferences and journals) in the broader area of geographic
information science and related fields since 2010.
While our search is not exhaustive by any means, the number of papers screened is still
suitable to provide a reasonably grounded insight into the state-of-the-art. In identifying
relevant papers, we focused exclusively on studies involving either wayfinding tasks by
participants or studies, in which routes were presented to users, e.g., on maps. This implies,
that we deliberately excluded all studies involving route retrieval from memory without
performing an actual wayfinding task or which involved human wayfinding without predefined
routes.
Overall, 32 papers were found which present studies on wayfinding/navigation in both,
virtual and real-world environments. Each of the relevant articles/papers found was checked
for the rationale researchers have given for the chosen route and which route characteristics
they have mentioned explicitly.
Table 1 reveals several important insights regarding common practices among researchers:
The three most often named aspects are: the length of a route (mentioned by 16 publications),
the type (e.g., a residential area) of environment a study was conducted in (15), and the
name of the city/town of a study (11). While these criteria are the most frequent ones, it is
important to note that only half of the papers mention route length and type of environment
whereas the name of the city/town is stated only by one third of the papers explicitly.
In addition to basic route data and information about the local environment of different
granularity, a variety of features mentioned by researchers deal with decision points (DPs).
We consider each intersection on a route as a decision point, which is neither the start nor
the end point of the route. While authors describe at least the overall number of DPs and
the proportion of those DPs which require a turn, the layout of the DPs is given rather rarely.
Several other aspects related to route instructions, visibility of environmental cues and – in
case two or more routes are compared – how routes relate to one another are mentioned
occasionally.
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Table 1 Overview of route features named (multiple features per paper possible) in human
wayfinding studies in major research outlets since 2010. Relevant papers for the AGILE conference:
[1, 14, 23]; for the GIScience conference: [38, 29, 19]; for the COSIT conference: [40, 46, 47, 18,
22, 11, 3, 2]; for the IJGIS: [26]; for the LBS Journal: [13, 37, 39]) and for the SCC Journal:
[33, 45, 49, 27, 36, 17, 43, 25, 48, 42, 16, 7, 31, 44].
Feature

AGILE

COSIT

GIScience

IJGIS

LBS

SCC

length
walking duration
name of city
size of area

3
0
1
0

4
2
4
0

1
2
0
0

1
0
0
0

2
0
2
0

5
0
4
1

16
4
11
1

Local Environment

uniformity of env.
type of env. (e.g., residential)
terrain (e.g., flat)
complexity of env. (e.g., narrow streets)
type of walkways (e.g., sidewalk)

0
1
0
0
0

1
2
1
4
0

0
1
0
0
1

0
0
0
0
0

0
2
0
1
1

0
9
0
3
0

1
15
1
8
2

Decision Point / Intersection

#DP
#DP with turn
#type of turn (l,r, non-turn)
Inclusion of diff. actions at DP
DP layout (e.g., 3-way, 4-way) described
variety of DP layouts mentioned
DP density
Distance between DP

1
2
1
1
1
0
0
0

1
1
0
0
1
0
0
1

1
0
0
1
0
2
0
0

0
0
1
0
0
0
0
0

0
2
0
0
0
2
1
0

3
3
0
0
1
0
0
0

6
8
2
2
3
4
1
1

Route Instruction Features

inclusion of landmarks
inclusion of street names
Destination (landmark)

0
0
1

0
0
0

1
1
0

0
0
0

1
0
0

4
0
0

6
1
1

View / Visibility related

views offered (e.g., open vista)
visibility of dest. from start (or vice versa)
long-distance vistas
visibility of street names

0
0
0
0

0
1
1
0

1
0
0
0

0
0
0
0

0
0
0
0

0
1
1
1

1
2
2
1

Relation to other Routes

equal length
equal starting and end points

0
0

0
0

0
0

0
0

0
0

1
1

1
1

9

13

10

2

9

14

26

Basic Route Data

Number of distinct criteria

Freq (N=32)

Taken together, this overview of common practices provides evidence for a lack of proper
justification of route choices and only very basic features of routes being made explicit. In
particular, half of the publications do not even mention basic properties, such as route length,
and even environmental and decision point-related aspects are insufficiently described. This
is, from our perspective, a clear barrier to any attempts to the replicability of these research
results.

3

Route Selection Criteria

It is obvious that route selection is deeply intertwined with a study’s research question.
The literature review above has revealed, however, that this selection is often insufficiently
justified. Moreover, even basic route properties are often not made explicit. This may be
a hint to the practice to use ad-hoc choices for routes, a decision which may result in a
considerable bias stemming from route choice. Even for those studies, which want to assess
the impact of a given route, it would be desirable to be able to quantify the degree as to
which a chosen route represents a special case given a set of criteria researchers want to take
into account. The possibility to select routes for human wayfinding studies in a systematic
and reproducible manner is, therefore, highly desirable. In order to achieve scientifically
valid results, researchers interested in conducting (not only replicating) human wayfinding
studies must base their research on a route, which is selected in a systematic and reproducible
manner. For many of these studies, it is desirable not to use a route which would represent a
special case given the researcher’s requirements about routes. In human wayfinding studies
in real-world, the population of routes to select from encompasses millions of possible routes
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of a given number of decision points for any area of non-trivial size. Given these figures,
selecting a route based on the average of all routes fulfilling the researchers’ requirements
seems reasonable for those studies which do not use a route as an independent variable.
Outliers are expected to have only a small effect as the population is vast, and the number
of criteria to be taken into account is large. Therefore, the best possible route to be chosen
would be a route, which meets the average for all criteria a researcher wants to take into
account as close as possible. We refer to such a route using the expression average route
because it is average-based. As mentioned above, even those studies in which route is an
independent variable, knowing the deviation from the average route in an area may provide
researchers with valuable information to interpret their results.
In order to make research more comparable and to provide other stakeholders (scientists,
urban planners, politicians etc.) with assistance to choose one route for their needs, we
present an approach which finds a route which is as close as possible to a theoretically existing
average route in a given area. The idea is that a route selected in such a systematic manner
should provide more transferable results as it reflects the characteristics of the specified area.
Based on the set of criteria currently used by researchers (see Section 2) our framework
takes the following criteria into account. We base the decision made for in-/exclusion on
both, prior research practice and the widespread availability of data:
Pre-emptive criteria
Researchers must select, first and foremost, an area in which they want to conduct their
study in. In accordance with the widespread report of this criterion, we use the number
of decision points (DPs) as a criterion researchers must specify. If researchers wish to do
so, they can additionally provide a minimum and maximum route length.
Used criteria
According to the literature reviewed, researchers consider criteria related to DPs as
important. Therefore, our framework considers the average number of options a DP offers
and the number of n-way intersections on a route – both of which are derived from the
intersection framework [10]. The same framework [10] provides information about the
regularity of a DP (the sum of angles branches need to be rotated in order to create a
regular intersection, see [10, p. 3:4] for further details). As a fourth DP-related aspect,
we consider the number of right, left and non-turns at DPs on a route. We calculate these
properties according to the point orientation algorithm [4]. In order to count non-turns
and avoid false negatives we use a 10 degree threshold, i.e., a 20 degree cone, to identify
continuations. Undoubtedly, landmarks play an important role in human navigation.
However, we lack sources of salience values for arbitrary regions. Consequently, we use
points of interest (POI) as a proxy (see e.g., [9] or [41] for publications with a similar
approach). As there is no commonly agreed definition of POI available, we extract POIs
from OpenStreetMap data based on tag amenity=*. Our methodological framework,
however, is open to other definitions researchers may want to employ. We take two POIrelated criteria into account: the average number of POIs at a DP and the uniqueness
of a POI category at a DP. The average number of POIs on a route is given by the
amount of POIs within a given radius from any DP divided by the number of DPs. The
uniqueness of a POI, according to Rousell and Zipf [41], is defined as 1j where j is the
number of POIs of the same type (e.g. restaurant) in the considered set. Finally, two
environmental features are considered: Slope (shares of route with negative, positive and
zero slope sourced from a digital elevation model1 ) is taken into account as a proxy for
criterion terrain, whereas land cover data (Urban Atlas2 ) reflect the type of environment.

1
2

https://www.wien.gv.at/ma41datenviewer/public/, last access June 5th, 2020
https://land.copernicus.eu/local/urban-atlas/urban-atlas-2012, last access March 20th, 2020
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This list can be extended if more data is available or of particular interest for a navigation
study to be conducted. In short, we are aiming to get as close as possible to the average
route based on user-defined weights for route features in a given area.

4

Methodology

Given a certain area in a built environment, we aim at ranking all possible routes with a
given number of DPs. This ranking is based on the average of all routes in this area according
to a set of given criteria (see Section 3). The closer a route is to the average values, the
higher this route will be ranked. In the following we provide a step-by-step description of
the required computation steps. At the end of this section information about software and
hardware used is provided. Our street network data are based on OpenStreetMap. The
computations are based on a graph created out of nodes representing intersections and edges
representing the street segments. For a detailed description of all data sources see Section 3.
Step 1: Extracting all potential routes. We represent all potential routes3 in the given
area with their criteria as a decision matrix X 0 . As these criteria are measured on different
scales, a z-score standardization is applied in order to normalize the values, i.e., a z-score of
z = 0 represents the average. Since we are interested only in the deviation from the average,
X 0 contains only absolute values of z-scores.
x011
 x021
X0 = 
...
x0n1


x012
x022
...
x0n2


. . . x01m
. . . x02m 

... ... 
. . . x0nm

(1)

where n denotes the number of routes and m the number of criteria. In order to retrieve
all possible routes of a certain number of DPs without loops, a street network graph was
utilized. This can be approached as a subgraph isomorphism problem, which is NP-Complete.
Although street networks can be modeled as planar graphs (for simplification reasons) in
reality they are not [5]. Thus, the subgraph isomorphism problem on non planar graphs
grows in general, exponentially. However, there are algorithms with acceptable practical
execution time[8].
Step 2: Best possible solution. Based on the z-scores for all criteria, we retrieve the best
possible solution A+ (see Eq. 2): This is an artificial (and unlikely to exist) route which
comprises the minima of all z-scores, i.e., it is as close to the average of all criteria one can
get.
+
A+ = (y1+ , y2+ , . . . , ym
)

where

yj+ =

min

i=1,2,...,n

x0ij

(2)

The best possible solution contains the minimum for each criterion. A value of 0 means that
this value reflects the global mean perfectly. Negative values are not possible due to the
performed standardization step.

3

It is important to note that users of the proposed method are free to take any type of routes into
account,i.e. routes w/o loops, shortest path between two distinct points, round tours etc.
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Step 3: Weighted similarity. There are several spatial as well as spatio-temporal similarity
measures available for a variety of problems [15, 30]. We identified the cosine similarity and
the weighted euclidean distance as the most promising ones for our approach. The cosine
similarity measure, which is widely used for multidimensional data, had to be discarded after
encountering counter-intuitive results during testing. The explanation for this discrepancy
between intuition and hard numbers is that cosine similarity measures only the angle between
two normalized vectors, and therefore ignores the magnitude of difference between them.
As described earlier (see Section 3), researchers can specify weights for each criterion
according to their research interest (i.e., the higher a weight, the more important an average
value of a characteristic is to a researcher). These weights are used during the distance
calculation between a route and the best possible solution. Each route is compared to the best
possible solution (equation 2) by means of the n-dimensional weighted euclidean distance: In
Equation 3, x0j represents the j-th criterion of a route and wj is the weight for this high-level
criterion.
v
uX
um
(3)
dist = t
wj (x0j − yj+ )2
j=1

A high-level criterion is, for example, the regularity of a decision point which can be
represented by the sum of angles needed to obtain a regular intersection [10]. It is, however,
not reasonable to build averages across different n-way intersections. Therefore, the sum of
angles is computed for each n-way intersection (called subdimension) separately. For example:
If seven is the largest number of branches for all intersections in the area-of-interest, the sum
of angles is calculated for 3- to 7-way intersections separately. In this particular example
each subdimension would have a weight of wj /5, where wj is the weight assigned to criterion
decision point regularity. The sum of the weight vector is 1.
Step 4: Ranking of results. Finally, all routes are ranked according to their distance
(equation 3) to the best possible solution (equation 2). The smaller the distance, the closer a
route is to the average in the area of interest, given the user defined weights for the applied
criteria.
Implementation. This paragraph specifies the software and hardware used to implement
our approach. In order to find all possible routes without loops (step 1) SageMath 9.0 with
its SubgraphSearch function4 was used, whereas steps 2-4 were implemented in Python 3.6.
Two features from the real world example (see section 5.2), namely, the average number of
POIs per DP and type of environment were calculated in a PostGIS (v 2.4) database. All
analyses run on an AMD Ryzen Threadripper 1950X 16-Core Processor, 3400 Mhz, with 64
GB RAM.

5

Evaluation

As a proof of concept, we first evaluate our approach on synthetic data (subsection 5.1).
Using synthetic data enables us to use predefined values for all criteria and, thereby, formulate
the expected results. We then continue with a real-world example in Vienna, Austria (see
subsection 5.2).
4

http://sage-doc.sis.uta.fi/reference/graphs/sage/graphs/generic_graph_pyx.html#sage.
graphs.generic_graph_pyx.SubgraphSearch, last access June 5th, 2020
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Synthetic data

We use 100 x 100 regular grid graphs as synthetic data. The graph used has 10 000 nodes
and 19 800 edges. All edges have the same length and characteristics (which is a difference
to the real-world data, see Section 5.2). We distinguish between type I and type II nodes.
While type I nodes have 3 POIs all of which have unique categories, type II nodes have 6
POIs which show an average uniqueness of their categories of 1/3. Therefore, routes will have
different average POI numbers due to different proportions of type I and II nodes in a route.
They have different characteristics regarding POIs in order to be able to observe changes
in results. It is important to note that the order of magnitude of these differences does not
matter as long as it is unequal to 0. The 4 corners of the grid have only 2 edges and are
considered as “2-way intersections”: Taking them into account is reasonable to show that our
approach takes the global distribution (frequency) of n-way intersections into account. All
nodes along the border of the graph, with exception of the 4 corners points just mentioned,
have 3 edges. All other nodes have 4 edges, i.e., they are regular 4-way intersections.
For all evaluations on synthetic data we set the number of decision points to k = 7. This
number was chosen due to computation time limitations, which is reasonable based on the
fact that the route recommendation algorithm is NP-Complete (due to the subgraph search
problem). Based on all these routes the best possible route was calculated (see equation 2)
as target route. In total, 55 396 400 possible routes without loops (represented as subgraphs)
having 7 DPs plus 1 starting and 1 end point were found in this synthetic graph. These
routes do not have to be a shortest path between two points. Routes have, in general, the
same characteristics (e.g., slope) but they vary considering with respect to the type of actions
taken at decision points (i.e., turning right or left and continuations).

(a)

(b)

(c)

Figure 1 Schematic Representation of Synthetic Data (data used were 10 times bigger, but with
the same ratios of type I (blue) and type II (red) nodes): (a) Scenario 1: Regular grid network with
only nodes of type I; (b) Scenario 2: Regular grid network with ratio 9:1 of type I to type II nodes;
(c) Scenario 3: Regular grid network with equal shares of type I to type II nodes.

We evaluate our approach with respect to synthetic data based on three scenarios, which
differ in the proportion of type I and II nodes (see Figure 1). Each of the scenarios share
three high-level criteria, namely the number of 2-, 3-, 4-way intersections, the sum of angles
needed to obtain regular 3- and 4-way intersections [10] and the frequency of right and left
turns and non-turns at decision points.

Scenario 1
In this scenario the whole 100 x 100 regular grid network consists of type I nodes, only (see
Figure 1a). 97% of all possible routes contain 4-way intersections only and all of these are
regular 4-way intersections. The average number of right-, left- and non-turns is 2.18, 2.18
and 2.64, respectively. Based on these figures we expect the route with the least distance to
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the average route to have 4-way intersections only, 2 right, 2 left and 3 non-turns at DPs.
As all intersections are regular, the sum of angles equals zero and, therefore, is omitted in
the results for synthetic data.
Table 2 presents the results. Due to the synthetic dataset, we observe many routes having
equal scores. Therefore, the table reports the first 10 groups of routes, where each group
represents a unique combination of the two high-level criteria (number of n-way intersections
and frequency of right and left turns and non-turns). The results meet our expectations, as
rank 1 group contains routes which comprise 4-way intersections only and show 2 right and
left turns and 3 non-turns at DPs. While lower ranks in the table show the same distribution
of intersections, rank 1 routes are the ones with the least euclidean distance to the best
possible route. It is important to note that the euclidean distance reflects different degrees
of deviations from the best possible route: The worst group, which is not shown in Table 2
consists of routes which have one 2-way and six 3-way intersections, 1 left or right and 6
non-turns. Similarly (also not presented in Table 2 for space reasons), routes with the same
distribution (0,0,7) but with no left/right turns and 7 non-turns got a lower rank than routes
with n-way distribution 0, 1, 6 and a more balanced distribution of actions at decision points.
Table 2 Results for scenario 1 where all nodes are of type I. Only the first 10 highest ranked
groups of routes are shown in the table, some of which share a rank.

Rank

# Routes

1

7 635 056
6 341 188
6 341 188
3 931 208
3 931 208
3 808 196
3 808 196
3 869 072
1 458 408
1 458 408

2
3
4
5
6

# Intersections
2-way 3-way 4-way
0
0
7
0

0

7

0

0

7

0

0

7

0

0

7

0

0

7

left
2
2
3
1
3
1
2
3
1
4

# Turns
straight right
3
2
2
3
2
2
3
3
3
1
4
2
4
1
1
3
2
4
2
1

Scenario 2
In scenario 2 the grid network now contains type I and type II nodes at a ratio of 9:1 (see
Figure 1b). This induces variance in the data by including points-of-interest (POIs) as
an additional high-level criterion, which comprises the number of POIs and the average
uniqueness of a POI at a DP. Again, all high-level criteria are equally weighted. As no
changes to the layout of the graph were applied, we expect routes with exclusively 4-way
intersections to be higher ranked than those including also other types of intersections. In
contrast to scenario 1, however, routes can now have a different number of type I and II
nodes: As the average number of POIs per DP in all routes is 3.26 and the average uniqueness
of POIs per DP equals 0.94, we expect routes with six type I nodes and one type II node to
be higher ranked than other combinations of those types5 .

5

This assumption is also backed up by the average number of type II nodes in a route which equals 0.61.
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Table 3 Results for scenario 2. Only the first 11 highest ranked groups of routes are shown in
the table, some of which share a rank. POI subdimensions are rounded to 2 decimals.

Rank

# Routes

1
2

31 024
6 914 264
23 934
23 934
5 743 264
5 743 264
38 668
32 526
32 526
14 160
14 160

3
4
5
6
7

# Intersections
2-way 3-way 4-way
0
0
7
0
0
7
0

0

7

0

0

7

0
0
0

0
0
0

7
7
7

0

0

7

left
2
2
2
3
2
3
2
2
3
3
1

# Turns
straight right
3
2
3
2
2
3
2
2
2
3
2
2
3
2
2
3
2
2
3
1
3
1

# Type II
Nodes

Avg. #
of POIs

Avg. Uniq.
of POIs

1
0
1
1
0
0
2
2
2
1
1

3.43
3
3.43
3.43
3
3
3.86
3.86
3.86
3.43
3.43

0.90
1
0.90
0.90
1
1
0.81
0.81
0.81
0.90
0.90

The results presented in Table 3 meet our assumptions. The highest ranked group
represents routes which have only 4-way intersections, a balanced (close to global average)
frequency going right, left or straight ahead at a decision point throughout the route, one type
II node and the closest possible values to the global average regarding POI subdimensions.

Scenario 3
In scenario 3 we increase the variance in the data by changing the proportion of type I to
type II nodes to 1:1, while keeping the graph layout unchanged (see Figure 1c). This means,
scenario 3 simulates an area in which two 2 subareas are clearly different but have an equal
share. The same high-level criteria as in scenario 2 are applied. As the frequency of n-way
intersections and direction changes remain unchanged, we still expect routes with 4-way
intersections only and a balanced frequency of right-, left- and non-turns at a decision point
to be higher ranked. Given the 1:1 ratio of node types and the odd number of decision
points (7), we expect routes with either three type I and four type II or four type I and three
type II nodes to be ranked highest. These two combinations of type I and type II nodes are
equally close to the global average for both POI subdimensions (avg. number POI: 4.5, avg.
uniqueness POI: 0.66). The results for the third scenario are presented in table 4. In-line
with our expectations, the highest ranked group has only 4-way intersections, a balanced
(close to global average) frequency of (non-)turns and a balanced ratio between type I and
type II nodes and, therefore, close to global average values for both POI subdimensions.
Taken together, the results of these three scenarios provide evidence that our approach
yields reasonable results based on the controlled conditions of synthetic data. We will now
continue with real-world data and the full set of criteria mentioned before (see Section 3).

5.2

Real World Example

We have chosen two different areas in Vienna, Austria. Both regions significantly differ with
respect to their degree of sealed soil, where Region 1 (located in the city center) shows a
high degree and Region 2 (residential area) a low-medium degree of soil sealing (according
to Urban Atlas 2012). We specified both pre-emptive criteria (see Section 3) and set the
number of DPs to k = 10, and route length to a range between 1 000 m and 1 500 m. The
length of possible routes in terms of both, the number of DPs and the distance, was chosen
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Table 4 Results for scenario 3. Only the first 8 highest ranked groups of routes are shown in the
table, some of which share a rank. POI subdimensions are rounded to 2 decimals.

Rank
1
2

3

# Routes
37 092
37 092
38 668
38 668
28 310
28 310
28 310
28 310

# Intersections
2-way 3-way 4-way
0

0

7

0

0

7

0

0

7

left
2
2
2
2
2
3
2
3

# Turns
straight right
3
2
3
2
3
2
3
2
2
3
2
2
2
3
2
2

# Type II
Nodes

Avg. #
of POIs

Avg. Uniq.
of POIs

3
4
2
5
3
3
4
4

4.29
4.71
3.86
5.14
4.29
4.29
4.71
4.71

0.71
0.62
0.81
0.52
0.71
0.71
0.62
0.62

based on computation time (see Section 5.1). The underlying graph for Region 1 has 1 196
nodes, 1 740 edges and 4 290 636 possible routes of 12 points length (10 decision points plus
start and end point which are not considered to be DPs). Of these routes, 62 294 have a
length between 1 000 m and 1 500 m. The underlying graph for Region 2 has 498 nodes, 744
edges and 2 276 070 possible routes of 12 points length and 834 114 of these have a length
between 1 000 m and 1 500 m. The observed difference in the number of considered routes
is likely a result of the fact that the average segment length between two subsequent DPs
in the city center area (Region 1, 2.25 km2 area) is less than in case of the residential area
(Region 2, 2.84 km2 area).
For each region the closest to average route was calculated regarding the following 6
high-level and equally weighted criteria: cardinality of decision points (the number of n-way
intersections on a route and the derived average options per DP), frequency of right/left and
non-turns, terrain (proportion of negative, positive and zero slope), POIs (average number
within a 10 meter radius and average uniqueness of category per DP), regularity of DPs and
type of environment (land cover data). Figure 2 shows the routes for both regions which
are closest to the best possible solution. Considering the above-mentioned criteria, routes
from A to B achieve the same score as those from B to A. They only differ symmetrically in
slope and frequency of right/left and non-turns. This symmetry causes an equal distance to
the best possible route. Non symmetrical attributes like directed viewsheds would lead to a
difference in score between route A to B and route B to A.

(a)

(b)

Figure 2 The closest to average routes for Region 1 (a) and Region 2 (b) considering all criteria
mentioned above (see Sec 3), which were equally weighted.
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Table 5 Comparison between highest ranked routes and the best possible solution. Land cover
classes are Urban Atlas classes: A (11100), B (11210), C (11220), D (11230), E (12100), F (12220),
G (12230), H (14100) and I (14200). Land cover values do not sum up to 1 due to rounding. If there
are two numbers for a feature this is due to having 2 winners for a region. Why the number of turns
of best possible routes do not sum up to 10 is explained in the discussion.
Name
Win. Reg 1
Best Reg 1
Win. Reg 2
Best Reg 2

Slope
Avg. # Intersec. # Turns
Avg. # Avg. Uniq.
Options 3 4 5 6
l s r
neg none pos of POIs of POIs
3.7
3 7 0 0 4/4 2 4/4 .05/0 .95 .05/0
.2
.2
3.7
3 7 0 0
4 3 4
.03
.94
.03
.3
.17
3.9
3 5 2 0 3/4 3 4/3 .03/.06 .91 .06/.03
0
0
3.9
3 5 2 0
3 3 3
.08
.84
.08
0
0

3
55.68
51.97
57.75
58.98

Regularity
4
5
16.31 NaN
17.24 83.2
19.86 72.80
18.30 72.59

6
NaN
69.34
NaN
148.46

A
.57
.54
0
0

B
0
0
.09
.06

Land Cover %
C D E F G
0 0 .09 .34 0
0 0 .09 .36 0
.48 .07 0 .36 0
.44 .07 0 .36 .01

H
0
.01
0
.03

I
0
0
0
.01

Table 5 presents numerical results by providing figures for both, the highest ranked routes
(will be referred to as winners) and the best possible solution, i.e., a hypothetical route which
shows closest to average values for all criteria (will be referred to as best). Two aspects are
important to be kept in mind: 1) The best possible solution does not need to be an actually
existing route (see Sec 6); 2) there are two winners per region as each route can be traversed
in both directions.
For both regions, the distribution of scores (i.e., the euclidean distance to the best possible
solution) is similar (see discussion for an explanation of the maxima). The quantiles for the
score in Region 1 are 0%: 0.2250, 25%: 0.5894, 50%: 0.7290, 75%: 0.8569 and 100%: 32.3001.
The score quantiles in Region 2 are 0%: 0.1738, 25%: 0.5198, 50%: 0.6468, 75%: 0.8875,
100%: 5.2246. Regarding the cardinality of DPs, both winners in each region show a perfect
match with best, respectively. With respect to slope, winners 1 are closer to best 1 than
winners 2 are to best 2. It is vice versa regarding POIs, in which case winners 2 match best
2 perfectly (generally speaking, Region 2 is an area which is poor in POIs), whereas winners
1 have, on average, slightly less POIs at a DP than the best possible solution, but their
uniqueness is higher. Looking at the regularity of DPs both routes reflect global averages
very well if and only if they have this kind of n-way intersection6 . Regarding land cover the
differences between winners and best in both regions are minimal7 . Regarding frequency of
right/left and non-turns winners in Region 1 show one continuation less than the winner,
whereas winners in Region 2 show either one left or right more than the best possible route.
In both cases, the frequency of the best possible route is impossible to achieve (see Sec 6
below). Taken together, both winners in each region come close to the best possible route –
which is hypothetical in this case and very unlikely to exist in general but reflects global
averages as good as possible.

6

Discussion

In this work we propose and evaluate a systematic approach for the selection of pedestrian
routes in a street network, with a focus on wayfinding experiments. As described in the
related work section, a proper selection of street routes is crucial for several types of empirical
studies. Such a systematic approach can help select a route based on a multitude of criteria
and, furthermore, reduce the time necessary for manual selection. Moreover, the proposed
approach can be seen as a step towards replicability of research, allowing to select a similar
route at a completely different geographic location by exchanging the best possible solution
6
7

NaN in a route are not contributing to the euclidean distance.
If land cover does not sum up to 1 this is due to rounding.

GIScience 2021

8:12

Systematic Route Selection

with the target route of another location. The proposed approach was evaluated utilizing
synthetic data serving as a ground truth. The results of this evaluation confirmed the validity
and applicability of our approach. We performed a proof of concept evaluation using real
data, once taken from the city center and once from a residential area in Vienna, Austria.
Two aspects of the results achieved for the real-world data need to be discussed in more
detail: Firstly, the difference in distance between the the upper quartile and the maximum
is very large for Region 1. However, the two routes (out of 62 294) having scores above 32
both have a 6-way intersection – a feature which is very uncommon for Region 1. Obviously,
Region 2 has no large outliers as the maximum euclidean distance is far less than for Region
1. For both regions, however, the distances up to the upper quartile are numerically small;
it is, therefore, a matter of future research whether these differences are meaningful for
wayfinding research and with respect to which criteria this might be the case (see Section 7).
Secondly, the fact that the best possible solutions do not match the predefined number of
DPs by one needs in-depth discussion. All best possible solutions are calculated based on
a z-score, which depends on the population mean and standard deviation. Due to the size
of the population of possible routes, it is very unlikely that mean and standard deviations
both are integers. The number of right, left and non-turns on an actual route (which is
the third factor needed to calculate a z-score), however, must be integers. The figures need
to be rounded (i.e., either floored or ceiled depending on the decimal digits), accordingly.
In addition to that, the means of right and left turns must be symmetric. Hence, the best
possible solution as a hypothetical route can show this anomaly of more/less (±1) DPs than
actually requested, whereas all actual routes in the population always have the predefined
number of decision points (and turns). It is important to note that, although slope is a
symmetric feature as well, its value can be decimal. Moreover, all other criteria are invariant
to the direction of travel on a route. To conclude, our framework supports systematic and
deterministic route selection for experiments considering weighted features provided by the
researcher. Furthermore, exchanging the best possible solution with another target route
(using this route as the average one) allows to find a similar route in a different place of the
world.
The criteria utilized in this work served as an example and can be easily extended or even
replaced by others. Of course, the more criteria used, the longer the route in terms of DPs,
or the larger the search area, the more computation time will be required. In most cases,
however, finding a reasonable route at the city level should be sufficient and this should be
possible in less than one day of computing time as our results were. Our methodological
framework allows to extend the list of criteria taken into account. Several aspects come to
mind: the segment length and orientation might be worthwhile to be taken into account; if
doing so, the number of POIs per segment of a given length may be worthwhile to take into
consideration in order to study on-route landmarks (see [28]). Traffic data, flow of humans
in an area and noise (e.g., stemming from factories) may have an impact on in-situ studies
and might be considered, although it might be very difficult to obtain this type of data on a
large-scale basis. While DPs per se have been extensively considered already, the order of
turns (e.g., llrrslr) and the sequence of intersection types might be included (see e.g., [12]).
One particularly important environmental feature, which is also missing due to unavailability
of large-scale data, is the architectural style/diversity of buildings in a given area.
Computation time and difficulty of validating the results obtained from real data are
the main limitations of this work. Concerning computation time, although this approach
cannot be utilized for real-time purposes, most of the relevant cases for wayfinding will not
be affected by that. Nevertheless, reducing computation time based on existing sub-graph
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search algorithms is already feasible (see Section 4), although this is out of the scope of
our work. Results for real data are difficult, if not impossible, to validate. Synthetic data
approaches for validation like the one presented above, however, ensure the validity of the
results at least for the cases covered.

7

Conclusion and Outlook

The proposed approach can be considered as a valuable methodological framework, which
can help to make informed decisions concerning route selections. As a consequence, this
framework can partially support the design of experiments and enhance replicability.
The results of the presented approach strongly rely on the availability of appropriate
data sources. The availability of pre-computed data, such as DP type and regularity [10] are
crucial for lowering the required computational costs. As a consequence, we will follow the
path of open data and pre-compute several features that might be relevant for route selection.
Furthermore, we plan to provide an API8 that will ease the access to our framework and
allow to compute a winner route with minimal effort.
Although for most cases only the best result (i.e., the winner route) is relevant, there
might be cases were the comparison between routes is of interest. Therefore, it is reasonable
to study whether the Euclidean distance is actually justifiable by means of empirical results:
The distance metric chosen should reflect empirical results, i.e., if participants are subject to
routes which differ more, less comparable results should occur and vice versa. We are going
to conduct within-group design wayfinding studies on this problem.
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Abstract
Traffic congestion emerges when traffic load exceeds the available capacity of roads. It is challenging
to prevent traffic congestion in current transportation systems where vehicles tend to follow the
shortest/fastest path to their destinations without considering the potential congestions caused by
the concentration of vehicles. With connected autonomous vehicles, the new generation of traffic
management systems can optimize traffic by coordinating the routes of all vehicles. As the connected
autonomous vehicles can adhere to the routes assigned to them, the traffic management system
can predict the change of traffic flow with a high level of accuracy. Based on the accurate traffic
prediction and traffic congestion models, routes can be allocated in such a way that helps mitigating
traffic congestions effectively. In this regard, we propose a new route assignment algorithm for the
era of connected autonomous vehicles. Results show that our algorithm outperforms several baseline
methods for traffic congestion mitigation.
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1

Introduction

Traffic congestion has significant negative impact on the economy and public health in many
countries. For example, road users in the United States wasted at least 6.9 billion hours and
3.1 billion gallons of fuel in a recent year due to traffic congestions [19]. Traffic congestion
generally appears when traffic demand for certain roads exceeds the available capacity of
the roads. During a traffic congestion, the speed of vehicles reduces, leading to longer travel
times. Statistics show that traffic congestions affect the central area of a city more than the
surrounding suburbs [23].
Navigating vehicles with the optimized routes can reduce traffic congestion significantly [11,
15, 3]. However, existing approaches are focused on vehicle-level route optimizations where
individual vehicle routes are optimized independent to each other. The next generation of
vehicles, connected autonomous vehicles (CAVs), can drive with the minimal need for human
driver’s intervention. Based on our traffic management vision [17], such vehicles bring a
valuable opportunity to build a coordinated traffic management system (TMS) that can
optimize traffic at the network-level for all vehicles. As CAVs are highly coordinated with
TMS and rarely deviate from their given routes, TMS can optimize traffic by coordinating
the routes of all vehicles.
© Sadegh Motallebi, Hairuo Xie, Egemen Tanin, and Kotagiri Ramamohanarao;
licensed under Creative Commons License CC-BY
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A TMS that performs network-level route optimization with CAVs can manage traffic
congestions effectively as the system can predict the future traffic congestions based on the
demand and capacity of roads. For example, let us assume that a TMS can predict the
traffic conditions in the central area of a city as shown in Figure 1, which illustrates the
general behavior of traffic congestion around the area when the majority of vehicles are
heading towards the center. Figure 1(a) shows how an increase of traffic demand results
in the increase of congestion levels. Figure 1(b) shows how a traffic congestion on a grid
road network propagates to a large area during a certain period of time. Given the traffic
congestion prediction, the TMS can prevent the predicted traffic congestions by suggesting
alternative routes to CAVs where possible. In this regard, the TMS has a crucial role in
shaping the traffic such that vehicles can reach their destinations faster.

Figure 1 The change of traffic congestion with traffic demand and time: (a) Average waiting
time per vehicle vs. the number of waiting vehicles [20]; (b) Traffic congestion propagation during a
period when vehicles are heading toward the center of a city [25, 12]. Road links with darker colour
have a higher level of congestions.

The simplest way to assign routes is by utilizing the shortest (fastest) path algorithms [5, 3].
However, this approach ignores the impact of routes future traffic conditions. Consequently,
traffic congestions can form on the road segments that are shared by a large number of shortest
paths. On the other hand, some algorithms assume that a route can affect the travel time of
other vehicles [11, 15]. This study follows the same assumption. We want to assign routes to
vehicles effectively to optimize traffic fluency at the network-level. Previously, we proposed
a centralized routing algorithm for the aforementioned TMS [15]. Our algorithm reduces
congestion by minimizing intersections between routes. In this work, we propose a route
assignment algorithm, Traffic Congestion Aware Route Assignment Algorithm (TCARA), to
mitigate traffic congestions in the central area of a city. To help vehicles avoid future traffic
congestions, the proposed algorithm uses certain predictive traffic congestion models that
can estimate the effect of existing routes on the traffic in the future. As traffic optimization
problems are NP-hard [10] and a TMS needs to respond to navigation requests in a short
time, our method uses certain traffic heuristics to accelerate the route allocation process.
We should note that traffic congestion can also happen because of unexpected issues like
accidents. In such cases, a TMS can resolve the congestion reactively by rerouting vehicles.
We left such cases for future work. Our algorithm differs from other algorithms substantially
by proposing a predictive queue-based congestion model. Based on the model and certain
aggregated traffic information, TCARA optimizes traffic in real time without predicting the
detailed movement of all individual vehicles, which can result in huge savings in computation
cost and storage cost. This allows TCARA to assign routes efficiently and enables it to
outperform state-of-the-art algorithms significantly.
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The main contributions of our work are summarized as follows.
We propose a predictive congestion model for route assignment on roads in which the
dynamic behavior of road links is considered.
We propose a streaming route assignment algorithm based on the predictive congestion
model.
We evaluate our algorithm with a prototype traffic management system based on traffic
simulation.
The rest of this paper is organized as follows. Section 2 reviews the related work. Section 3
defines the research problem. Section 4 presents the proposed algorithm. Section 5 reports
experimental results. Section 6 concludes the paper.

2

Related Work

In this section, we first elaborate on route assignment optimization and the state-of-the-art
algorithms in this area. Then, we review the existing traffic congestion models.

2.1

Route Assignment Approaches

Route assignment optimization is to find the optimal routes for a given set of trip queries.
In this regard, there are two general approaches: user optimum [24] and system optimum [1].
The user-optimum approach, aims to reach an equilibrium state in which no vehicle can find
a faster route than the assigned route. On the other hand, the system-optimum approach
aims to minimize the total travel time for all vehicles. So, in the user-optimum approach,
vehicles with the same source and destination get routes with the same travel time, while
in the system-optimum approach, vehicles with the same source and destination might get
routes with different travel times.
Route assignment can be static or dynamic. A static traffic assignment is applicable when
the traffic condition is almost stable and route assignment does not lead to the change of
traffic conditions [14]. When traffic condition is not stable, such as when the flow of vehicles
changes quickly like in rush hours, route assignment needs to be dynamic which means the
routes need to be assigned based on the changing traffic conditions [2, 6]. This study is
about a dynamic route assignment algorithm that follows the system-optimum approach.
Existing algorithms in this area are mainly focused on diversifying traffic on alternative
routes to decrease traffic congestion. To achieve this goal, Nguyen et al. [16] propose a
modified version of A* algorithm which suggests alternative routes to vehicles with the same
source and destination. They propose a heuristic function that adds randomness into the
computations of paths. Jeong et al. [11] propose a Self-Adaptive Interactive Navigation Tool
(SAINT) which computes a set of shortest paths for a given source and destination and
selects the path that leads to the minimum increase of congestion level. Vehicles with the
same source and destination are likely to get different routes from SAINT. Zhang et al. [27]
propose an algorithm, DIFTOS, which suggests the shortest path to vehicles initially and
reroutes vehicles based on traffic congestion prediction. As traffic conditions may change
and DIFTOS needs to maintain traffic load for roads at different times, it costs more time
and space compared to other methods. Our previous work addresses a key problem that
causes congestion, which is the intersection of routes at road junctions [15]. We proposed an
algorithm, named MIRA, in which routes are less likely to intersect at junctions compared to
suggesting shortest paths. To assign a route, MIRA divides the road network into blocks and
maintains a heat map showing the average travel times for roads. MIRA also maintains a
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reservation graph showing the impact of allocated routes at each road link on the routes. By
having the data structures, it suggests routes that detour the congested blocks and road links.
We show that the detouring policy leads to a significant reduction of travel time. Among
the described methods, we consider SAINT and MIRA as two baseline methods. It is worth
mentioning that there are iterative dynamic route assignment algorithms [21, 22]. However,
as their time complexity is significantly high, we do not consider them in this study.

2.2

Traffic Congestion Models

Traffic congestion occurs when the traffic load of a road exceeds the available capacity of
the road, leading to the increase of travel time due to the decrease of vehicle speed [13].
According to the literature, congestion on roads leads to the queueing of vehicles. So, the
queue length is a good indicator to quantify congestion levels because a longer queue length
generally indicates a longer travel time on roads [8, 26, 7]. There are also studies that model
traffic congestion based on historical data [12, 25, 4]. However, the historical data might not
always be available. Moreover, such models cannot model traffic congestions that are not
captured well in the historical data. In this study, we use a traffic congestion model based
on queue length.
The queue length is normally measured by the number of vehicles with very low speed on
a road link. It has been used as a measure of congestion named pressure [7]. This simple but
effective measure reveals the congestion level. Pressure-based models are mainly used for
finding the optimal schedule of traffic lights [7, 26, 9]. We utilize this model in our route
assignment algorithms to predict traffic congestion. For a given road network G(V, E), any
edge e ∈ E may have a queue of vehicles waiting at the end vertex (intersection). Whenever
a vehicle stops at an intersection, it adds to the corresponding queue, and after finishing the
edge (i.e., passing the intersection), it leaves the queue. An example scenario with traffic
queues at several intersections is illustrated in Figure 2.

Figure 2 Road network queue model: each edge has a queue containing the vehicles waiting at
its end vertex. More vehicles in a queue indicates higher congestion levels.

It is observed that the congestion level increases linearly with an increase of traffic demand
before the traffic demand reaches a certain threshold, after which the congestion increases
non-linearly. Although the basic version of pressure addresses the linear relationship between
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traffic load and traffic congestion, it cannot follow the nonlinear behavior of congestion on
the links. Gregoire et al. [7] propose an enhanced version of pressure. The proposed pressure
function (i.e., C(Qe ) defined in Equation 1) models the relationship between the queue length
and the traffic congestion of a road link based on certain key characteristics of road links [7].
Although the pressure function is complex, it has only one variable input, which is the queue
length. In Equation 1, Qe and Ce are the queue length at edge e and the maximum capacity
of edge e, respectively. C∞ and m are two constant parameters. The first parameter, C∞ ,
determines the behavior of edge e for light traffic, and the second parameter, m, is used for
tuning the transition point from linear behavior to nonlinear behavior of edge e. In Section 5,
the model with different values for C∞ and m is analyzed. The model computes the current
congestion value based on the existing vehicles on the roads. The value of the computed
pressure varies between zero (when no vehicle waits on a road, i.e., empty queue) and one
(when the road is full). This pressure can be considered as a real-time congestion model as
it is based on the real-time queue lengths. To model future traffic congestions, the traffic
congestion model needs to be updated such that Qe is based on the number of vehicles that
are going to wait on the roads. To assign routes, we utilize the updated version of this model
in our algorithm (Section 4).
C(Qe ) = min(1,

3

Qe
C∞

Qe m
Ce
C∞ )( Ce )
)
e m−1
(Q
Ce )

+ (2 −
1+

(1)

Problem Definition

I Definition 1 (Delay Function). A delay function (ri , rj ) models the effect of one vehicle
with route rj on a vehicle with route ri .
The delay function gives an extra delay that the vehicle with ri experiences because of
the existence of the vehicle with rj . Apparently, when i = j, the outcome of the epsilon
function is zero as no vehicle has an impact on itself.
I Definition 2 (Delayed Travel Time). A delayed travel time DT T (R0 |R) is the total travel
time of vehicles with all the routes in R0 when there are existing vehicles with all the routes
in R.
Based on the definition, DT T (r|∅) is the shortest possible travel time of a vehicle with
route r, which can be achieved when there is no existing vehicle on the road network.
Equation 2 models travel time of a new vehicle with route r when there are already n vehicles
with assigned routes on the network. The set R contains all the routes of the n existing
vehicles. Each of the existing vehicles can affect the travel time of the new vehicle.
DT T ({r}|R) = DT T ({r}|∅) +

n
X

(r|rj )

(2)

j=1

In this study, we assume trip queries arrive at a TMS in a streaming fashion. The
streaming route assignment problem is defined in Equation 3 for a given trip query (i.e., a
pair of source and destination locations).
r∗ =

arg min DT T ({r}|∅) +
r∈Rcandidate

n
X

(r|rj )

(3)

j=1

Problem Statement: Given a trip query from a user and a set of n existing vehicles,
find the optimum route r∗ among the set of candidate routes Rcandidate such that the travel
time of the user is minimized (Equation 3).
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4

Traffic Congestion Aware Route Assignment Algorithm (TCARA)

We propose an algorithm, Traffic Congestion Aware Route Assignment Algorithm (TCARA),
for optimizing route allocation based on the navigation requests from CAVs. TCARA is
based on the A* algorithm that finds route in a weighted graph. The weights are computed
based on the aforementioned congestion model (Section 2.2). As the congestion model uses
the predicted queue length to estimate future congestion levels, it is important to get an
accurate prediction of the queue length. For this purpose, we define Allocated Capacity
(AC) based on the existing routes.
Allocated capacity shows the impact of a vehicle on the queue length at specific road
links. When a vehicle is currently on a road link, we define the allocated capacity of the
vehicle at the edge as 1. When the vehicle leaves the link, the AC of this vehicle at the edge
is 0. The AC values of the vehicle at the links on the remaining of route are higher than
0 but less than 1. The AC values decrease gradually for the links farther away from the
current link of the vehicle, indicating the diminishing impact from the vehicle on the traffic
conditions that are further away into the future. We define AC based on the average travel
times (showing traffic condition of roads) in Equation 4. In the equation, ACei and T Tei
represent the allocated capacity of the ith edge ei in a given route r =< e1 , ..., en > and
the travel time of ei , respectively. Here, n is the number of road links between the vehicle’s
current position and the destination. The travel time at road links is updated frequently by
a TMS. Whenever a vehicle leaves a road link, ACs for the rest of the route are recomputed.
The aggregated value of the ACs at an edge is used as the predicted queue length Qe for
the edge in the congestion model (Section 2.2).By assigning the ACs we would be able to
quantify the influence of all the route allocations on the traffic of a specific edge.
Pi−1

j=1
ACei = 1 − Pn
j=1

T Tej
T T ej

(4)

Figure 3 Updating allocated capacity for a given route over time. At t = 5 when the vehicle
leaves e1 , the travel time at e3 increases in 10 min.

Figure 3 shows how AC is computed for a vehicle during its trip. Let us assume a threelink route is assigned for a given source and destination. As shown in the figure, the AC
0
5
5+10
values at the start of the trip are 1 − 5+10+5
= 1, 1 − 5+10+5
= 0.75, and 1 − 5+10+5
= 0.25
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for e1 , e2 , and e3 , respectively. Whenever the vehicle leaves a road segment, the AC values
for the rest of the route are recomputed. Let us assume the travel time of e3 increases to 10
minutes at the 5th minute. The new travel time will be used when updating AC values after
the time point. As the vehicle leaves the first link, ACe1 becomes 0. The second and third
0
10
links get 1 − 10+10
= 1 and 1 − 10+10
= 0.5, respectively. The same procedure runs for the
updates at the 15th minute. At the end of the trip, all AC values become 0.
TCARA needs to maintain the aggregated AC values at road links. The AC values are
used to capture the pressure at the road links based on the congestion model. The traffic
management system (TMS) is responsible for keeping the AC values updated based on the
received location updates from the vehicles. Algorithm 1 defines TCARA with details. This
algorithm is based on the A* algorithm in which the congestion model is utilized as a heuristic
function. TCARA computes the congestion values (pressure values at edges) during its route
search. As vehicles are connected to the TMS, the real-time traffic conditions are available.
For a given pair of source and destination, it computes a route with the minimum value of
congestion. Once a new route is computed by TCARA, the TMS updates aggregated AC
values at the edges on the route. Whenever a vehicle leaves a road link, the aggregated AC
values need to be updated by the TMS as well. Although the route of the vehicle remains
unchanged when the vehicle leaves an edge, the AC values at the edges in the rest of the
vehicle’s path get updated, which can affect the creation of new routes for other vehicles in
the future.
The time complexity of TCARA is the same as Dijkstra’s algorithm, O(|V |log|V | + |E|).
TCARA needs storage in order of O(|V | + |E|) same as Dijkstra’s algorithm. Also, it needs
O(n|E|) for storing the AC values of existing routes (n is the number of vehicles). The cost
of updating the AC values with a route is O(|E|).

5

Experiments

We evaluate the proposed algorithm TCARA. We focus on the traffic scenarios in cities and
assume that there is no street blockage due to accidents or traffic light failures.

5.1

Baseline Approaches

We compare TCARA against several baseline methods, First-In-First-Assigned Fastest (FIFAFastest), SAINT [11], and MIRA [15]. FIFA-Fastest uses Dijkstra’s algorithm to compute
routes with the minimum travel times. Although FIFA-Fastest is a simple algorithm, it is
utilized in well-known navigation tools currently. However, the algorithm does not consider
future traffic conditions as its computation is based on the current travel time at road links.
SAINT is the second traffic assignment baseline method, as described in section 2.1. The third
baseline method is MIRA, as described in section 2.1 as well. MIRA is a state-of-the-art route
assignment algorithm. We also include an algorithm, Time-wise Fastest Route Assignment
(TFRA), as the fourth baseline method. Similar to TCARA, TFRA assigns routes based
on traffic congestion prediction. Both algorithms use the same congestion model as shown
in Equation 1. They differ in the computation of travel cost at the edges. Given a source
and a destination, TFRA searches for a routes based on Dijkstra’s algorithm. When the
search expands to an edge, TFRA estimates the time point at which a vehicle with the new
route arrives at the edge. Then, TFRA estimates the number of existing vehicles that would
be at the edge at that time. The estimated value is used as the queue length (Qe ) in the
congestion model. The pressure value compared with the model is then used as the weight
(travel cost) of the edge.
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Algorithm 1 Traffic Congestion Aware Route Assignment.

Input: Road network graph G(V, E) where any edge em,n has a weight w(em,n ) that equals
to the aggregated AC values at the edge, source s, destination d
Output: Route r from s to d
1: // Vertices in Q are always sorted based on the travel cost between s and the vertices.
2: Q ← Empty-Priority-Queue()
3: for m ∈ V do
4:
costm ← ∞; m.previous ← N IL; m.time = 0; Q.insert(m)
5: end for
6: costs ← 0
7: while Q is not empty do
8:
m ← vertex in Q with the lowest cost to s
9:
remove m from Q
10:
if m = d then
11:
break;
12:
end if
13:
for n ∈ End points of the edges starting from m do
14:
Cm,n ← C(wm,n ) // Pressure value of em,n based on Equation 1, where the value
of Qe is w(em,n )
15:
if costn > costm + Cm,n then
16:
costn ← costm + Cm,n
17:
n.previous ← m
18:
end if
19:
end for
20: end while
21: m ← d; L ← Empty-Linked-List() ; L.append(m)
22: while m 6= s do
23:
m ← m.previous
24:
L.append(m)
25: end while
26: Reverse L
// The first item will be source after reverse
27: Return L

5.2

Experiment Environment

We create an experiment environment using a traffic simulator, SMARTS [18], which can
perform real-time microscopic simulation for vehicles on road networks. Kotagiri et al. [18]
show that SMARTS can preform realistic simulations. Moreover, SMARTS simulates adaptive
traffic lights as in the real world, where traffic lights tune their light cycle based on incoming
traffic flows. In our experiments, SMARTS generates trip queries and sends them to a route
allocator, which computes routes and sends them to SMARTS. The routes are assigned to
CAVs in SMARTS. Whenever a CAV leaves a road link, SMARTS gives this information
immediately to the route allocator for updating the weights in TFRA/TCARA. SMARTS
also sends updates of travel time to the route allocator periodically. The travel time of a
road link is the average travel time of CAVs finished the link since the last report. If no CAV
has traveled during a report time interval, we compute the average travel time as the road
link length over the speed limit of the link. The average travel time is used for computing
weights in TFRA/TCARA.
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Performance Metrics

As route assignment algorithms aim to minimize travel time, we define two metrics based
on the travel time of CAVs. The performance metric, Travel Time Ratio at Individual level
(TTRI), measures average travel time for individuals. It is defined in Equation 5, where
T T (vi ), BT T (vi ), and |V| represent the actual travel time of vehicle vi , the best travel time
for vehicle vi , and the number of all vehicles. The actual travel time is the travel time
achieved by following the computed route, while the best travel time is computed based on
the shortest path (in terms of travel time) assuming vehicles always travel at the free flow
speed. We should note that it is not suitable to evaluate the algorithms using the optimum
total travel time, which is the minimum travel time of all trip queries. This is because
obtaining the optimum total travel time implies that trip queries need to be available at first,
while this is not true in the streaming route assignment. Lower TTRI values are better. The
best value is one when the actual travel time of vehicles is equal to their best theoretical
travel times. We also measure gridlock threshold, which is the maximum number of vehicles
that can finish their routes with no gridlock. An increase in traffic load and congestion can
lead to a gridlock where no vehicle can move further. The TTRI metric has no meaningful
values in a gridlock situation. So, all experiment results are limited to gridlock thresholds.
|V|

T T RI =

5.4

1 X T T (vi )
|V| i=1 BT T (vi )

(5)

Experimental Settings

Figure 4 (a) The Manhattan-grid road network used in the experiments where all intersections
are signalized (area statistics 4.4km×4.4km) (b) The semi-real road network used in the experiments
where all intersections are signalized (area statistics 4.4km×4.4km) (c) The real road network
(Metropolitan of Melbourne, Australia) used in the experiments (area statistics 30km×30km) where
most of intersections are signalized.

We investigate the impact of the number of vehicles and the impact of the spatial
distribution of source and destination on all algorithms.
Number of Vehicles is an essential indicator of traffic conditions on the roads. Having
more vehicles on the roads can increase congestion, and its impact can be examined by
measuring travel times. A better algorithm can manage more traffic load with a higher
gridlock threshold. When testing the effect of this parameter, we start from a certain value
and increase the value gradually until all algorithms reach gridlock.

GIScience 2021

9:10

Traffic Congestion Aware Route Assignment

We consider two distributions for source and destination locations: uniform and Gaussian.
The uniform distribution means the locations are uniformly distributed around the city, while
Gaussian distribution means the locations are more likely to be around the city center. We
define four source-destination distribution scenarios: 1) Uniform-Uniform (representing offpeak hours), 2) Uniform-Gaussian (representing morning peak hours), 3) Gaussian-Uniform
(representing afternoon peak hours), and 4) Gaussian-Gaussian (representing an extreme case
of congestion at the city center). The default value for this parameter is Gaussian-Gaussian.
We run two experiment sets. In each experiment set, we vary one parameter while keeping
the other parameter at its default value. The first experiment set evaluates the effect of
the number of vehicles, and the second experiment set evaluates the impact of the spatial
distribution of source and destination. Both sets of experiments are conducted with three
road networks as described below.

5.4.1

Manhattan-Grid Road Network

The Manhattan-grid network represents an urban area in which roads are organized as a
grid, which can be seen in some urban areas like Manhattan in New York. It is a 12 by 12
network (Figure 4(a)). All intersections are signalized. A road link between two consecutive
intersections is two-way and 400 meters long. Road links have the same maximum allowable
speed, which is 40 km/h. These settings represent a structured city with the same block
sizes and similar traffic rules. The default number of vehicles is 6000 (as this is the gridlock
threshold for TFRA and SAINT algorithms on this network). The default spatial distribution
is Gaussian-Gaussian.

5.4.2

Semi-real Road Network

We also experiment with a semi-real road network (Figure 4(b)). Compared to the previous
network, the semi-real network has more intersections and road links. All intersections have
traffic lights. This road network represents many real road networks of cities with a dense
central part as a Central Business District area. The maximum speed allowed for each road
link is uniformly random set as 40 km/h or 60km/h. The default value of vehicles is 6000.
The default spatial distribution is Gaussian-Gaussian.

5.4.3

Real Road Network

The real road network covers a 30km × 30km area in Melbourne, shown in Figure 4(c).
The center of the road network is the CBD of Melbourne. The network is extracted from
OpenStreetMap. We preprocessed the map and removed the intermediate nodes that are not
real intersections. The default number of vehicles is 40000. The default spatial distribution
of source and destination is Gaussian-Gaussian.

5.4.4

Parameter Tuning for TFRA and TCARA

The congestion models of TFRA and TCARA are based on the normalized pressure model
expressed in Equation 1. The model has two parameters m and C∞ to fit the behavior of
road links. Figure 5 shows different outputs of the congestion model for four combinations of
m and C∞ . For a road link, when C∞ equals to the capacity of road link, C, the output is a
straight line, shown in green in Figure 5. The bigger value of C∞ results in more bending of
the trend line, shown in blue. The curve needs to be tuned for each road network. We define
the best parameter values for a given road network as the values that lead to the maximum
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traffic fluency in terms of TTRI. It is worth mentioning that C∞ ≥ C [7]. The effect of
different m values is shown in the figure in blue and orange lines. Also, the figure depicts the
output curves for two road links with different capacities in blue and red. Gregoire et al. [7]
set m = 4 and C∞ to the largest capacity of road links in the network. As all roads have
almost the same length in the Manhattan-grid network, the model becomes linear which does
not correspond to the non-linear behavior of roads mentioned in Section 4. To get larger
values, we consider C∞ = αCmax . Based on our tests the best parameter values of TFRA
and TCARA for the Manhattan-grid network are m = 4 and α = 11, which result in the
minimum value of TTRI. By doing the same procedure for the semi-real and real networks,
the result shows that m = 4 and α = 1 are the best values. The parameter values are also
suggested in the original study [7].

Figure 5 The capacity aware pressure function with different parameters.

5.5
5.5.1

Results
Manhattan-grid Road Network

Figure 6 TTRI for all algorithms under different traffic loads (number of vehicles) for
(a)Manhattan-grid network, (b)Semi-real network, and (c) real network.

TCARA outperforms all other algorithms except for the light traffic condition, as we
expected in terms of TTRI (Figure 6(a)). As TCARA tries to avoid existing traffic when
computing routes, it suggests longer routes than FIFA-Fastest routes when the traffic load
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is low. However, under normal traffic load, TCARA outperforms other algorithms. The
advantage of TCARA is significant when traffic load is high, which is generally accompanied
by a high level of traffic congestions. As the congestion model helps TCARA to predict
traffic congestion, TCARA can avoid congestion or reduce the propagation of congestion
significantly. We summarize the result of the experiment in terms of the applicability of
algorithms for different traffic loads in Table 1. The table expresses that for light traffic
load, n < 2k, suggesting the fastest routes to vehicles is the best strategy, as there is no
congestion and the impact of routes on each other is negligible. For the low traffic loads,
2k ≤ n < 4k, TCARA outperforms other algorithms slightly. Among the three candidates,
SAINT is the worst choice as it has the biggest time complexity. For the high traffic load,
4k ≤ n < 6k, SAINT cannot avoid gridlocks, and TCARA outperforms MIRA slightly. For
the intensive traffic load, 6k ≤ n ≤ 10k, TCARA is the only algorithm that can manage
traffic effectively. The result shows that TCARA can increase the gridlock threshold by 42%
for the same road network compared with the second-best algorithm MIRA. The baseline
algorithm, TFRA, does not outperform others except FIFA-Fastest. Its gridlock threshold is
the same as SAINT in the Manhattan-grid network.
Table 1 Candidate algorithms for different traffic loads.
# vehicles
n < 2k
2k ≤ n < 4k
4k ≤ n < 6k
6k ≤ n ≤ 10k

5.5.2

Candidate Algorithms
FIFA-Fastest
TCARA, MIRA, SAINT
TCARA, MIRA
TCARA

Description
The fastest and most effective
TCARA performs slightly better
TCARA performs slightly better
The only workable algorithm for 7k ≤ n

Semi-real Road Network

The result of the semi-real road network (Figure 6(b)) indicates that TCARA outperforms all
algorithms except for light traffic loads in terms of TTRI. The result shows that FIFA-fastest
is less effective for the same traffic load compared with the previous experiment, but still is
the best solution for light traffic with 1k vehicles. The figure shows that TCARA increases
the gridlock threshold from the second-best approach, MIRA, by 33%. Comparing the result
of the Manhattan-grid and semi-real network, we can see that a more complex road network
topology and a larger variation in speed limits affect the maximum gridlock threshold for
all algorithms significantly. The maximum gridlock threshold decreases by 20% when the
network changes from the Manhattan-grid network to the semi-real network.

5.5.3

Real Road Network

TCARA outperforms all other algorithms under all traffic loads in terms of TTRI for the
real road network (Figure 6(c)). The figure shows that for 10k vehicles TCARA, MIRA,
and SAINT have no significant difference. FIFA-Fastest performs ineffectively and reaches a
gridlock situation at 20k. The other algorithms face gridlock at 40k. TCARA outperforms
MIRA and SAINT by 17% and 32% in terms of TTRI, respectively. By comparing the results
with different maps, we can conclude that the topology of road networks plays a crucial rule
in traffic optimization. Moreover, accurate traffic congestion prediction, as achieved with
TCARA, can help decrease traffic congestion considerably.
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Source and Destination Distribution

Figure 7 shows clearly that the distribution of trips affects traffic flow considerably. In the
off-peak (Uniform-Uniform) situation, traffic is distributed uniformly and there is no heavy
congestion. So, the performance of different algorithms is very close to each other. The
figure shows that TCARA is stable for all distributions in all networks. It outperforms all
algorithms in most scenarios as it benefits from a predictive congestion model that helps it to
suggest routes with sufficient detours. Also, TCARA is stable in all situations while others
are sensitive to the road network structure, the traffic distribution, or both. The results show
that the baseline algorithm TFRA works well in off-peak hours. Moreover, by comparing
the results, we can conclude that TFRA works with the real network better than with other
networks. It can be because the travel time estimation becomes more accurate when the
network structure becomes denser at the center. The FIFA-Fastest algorithm faces gridlock
in all scenarios except for the uniform-uniform (off-peak) scenario. From the result, we can
conclude that the algorithms following the system optimum approach (i.e., all algorithms
except FIFA-Fastest) manage traffic significantly better compared with the current navigation
systems that optimize routes independently based on current traffic conditions.

Figure 7 TTRI for different spatial distribution of trips and road networks: (a) Manhattan-grid
network with 6000 vehicles (b) Semi-real network with 6000 vehicles (c) Real network with 40000
vehicles.

5.6

Time Complexity

In this experiment, we compare the computation time of the algorithms based on synthetic
grid networks with 1000 to 10000 vertices. Figure 8 shows that FIFA-Fastest is the fastest
algorithm, and SAINT is the slowest algorithm. Although the time complexity of TFRA,
TCARA, MIRA, and FIFA-Fastest are the same (i.e., O(|V |log|V | + |E|)), FIFA-Fastest runs
faster than others as it has the smallest overhead (i.e., the cost for computing edge weights).
The result shows that TCARA is fast enough for practical use as it can compute a route in
less than 100 milliseconds.

6

Conclusions and Future Work

In this study, we proposed a route assignment algorithm TCARA. We showed that how a
predictive congestion model can help reduce traffic congestion significantly. We evaluated
TCARA under different traffic loads, with various road networks, and different spatial
distribution of source and destination. We showed that TCARA suggests faster routes
compared with the state-of-the-art algorithms. TCARA is tailored for the era of CAVs,
where all the vehicles are coordinated by a central traffic management system. A possible
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Figure 8 Computation time achieved with all algorithms for different road network sizes. The
number of vertices varies from 1000 to 10000.

direction of future work is to incorporate traffic lights directly in our model. In this regard,
considering the light cycles as a parameter to enhance the traffic congestion model and
investigating the models for a road network that has a mix of signalized and unsignalized
intersections are the next steps to extend our algorithm. Another possible direction is
to extend the algorithm for situations when vehicles are not fully autonomous, and the
drivers can decide about their routes which adds unpredictability to the problem. Also, such
real-time network-level traffic optimization can be utilized in the solutions for transport
applications like for transport-as-a-service when there is no personal vehicle and all vehicles
are CAVs. So, a central system navigates all CAVs, while the system receives trip queries in
a streaming fashion.
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Abstract
This paper introduces a spatiotemporal analysis framework for estimating hourly changing population
distribution patterns in urban areas using geo-tagged tweets (the messages containing users’ geospatial
locations), land use data, and dasymetric maps. We collected geo-tagged social media (tweets)
within the County of San Diego during one year (2015) by using Twitter’s Streaming Application
Programming Interfaces (APIs). A semi-manual Twitter content verification procedure for data
cleaning was applied first to separate tweets created by humans from non-human users (bots). The
next step was to calculate the number of unique Twitter users every hour within census blocks. The
final step was to estimate the actual population by transforming the numbers of unique Twitter
users in each census block into estimated population densities with spatial and temporal factors
using dasymetric maps. The temporal factor was estimated based on hourly changes of Twitter
messages within San Diego County, CA. The spatial factor was estimated by using the dasymetric
method with land use maps and 2010 census data. Comparing to census data, our methods can
provide better estimated population in airports, shopping malls, sports stadiums, zoo and parks,
and business areas during the day time.
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1

Introduction

The widespread use of social media and mobile phone data provides a great research
opportunity for researchers to map and analyze dynamic human behaviors, communications,
and movements [27, 8, 24, 25]. People use smartphones, mobile devices, and personal
computers, leaving their digital footprints on the Internet. These human-made digital
records provide a foundation for human dynamics research. Human dynamics is a new
transdisciplinary research field attracting scientists and researchers from different domains,
including complex systems [3], video analysis [6, 28], spatial diffusion of events [18], human
mobility and network [14, 15], public health [22] and geography [13, 26]. One key research
topic of human dynamics is to estimate the dynamic change of population distribution in
urban areas. Although the census provides the detailed population statistics covering age,
sex, and race, it does not reflect the dynamic change of population since census population is
based on the location of residence. Therefore, estimating the dynamic change of population is
crucial for evacuation planning, disaster management, epidemic management, event planning,
and urban planning. For example, dynamic population estimation at finer scales can be
useful for a stage-based evacuation planning during emergency situation[23]. Conventionally,
the change of population distribution is estimated from the census survey by using data
sampling and forecasting techniques. Recently, scientists have started using satellite images
[5], mobile phone data [4, 8], or vehicle probe data [16] to estimate the dynamic change of
population distribution at small area level. One example is to use mobile phone-based call
detail records (CDR) to detect spatial and temporal differences in everyday activities among
multiple cities [1]. Another example is to estimate seasonal, weekly, and daily changes in
population distribution over multiple timescales with aggregated and anonymized mobile
phone data [8].
In Geographic Information Systems (GIS) and cartographic research, dasymetric mapping
methods have been applied to estimate population density using census data and ancillary
data sources [29, 12, 17]. In the previous studies, the authors have identified that it is a
challenging problem to integrate vector-based census tracks and raster-based land cover
data and satellite images for dasymetric mapping. To improve the traditional problems of
binary value in categorical data and areal weighting, [21] introduced an intelligent dasymetric
mapping technique (IDM) with a data-driven methodology to calculate the ratio of class
densities. Similar to the IDM method, this study utilizes social media data (geo-tagged data),
other GIS data sources (land use and census data), and dasymetric mapping techniques to
estimate the hourly change of population distribution. There are several advantages of using
social media for population estimation[19]. The real-time updates of social media messages
can better reflect dynamic changes of population than remote sensing imageries, which are
often more expensive in cost and time to collect and process data [9]. Alternatively, mobile
phone data, such as CDR, are also very expensive and inaccessible. Another drawback of
CDR is that it is not possible to identify the content of communications in each phone
call. In contrast, social media data are easy-to-collect, free (using public access methods),
content-rich, and updated in real-time [25, 18].
In this study, we estimate hourly population distribution patterns at a high spatiotemporal
resolution in urban areas using geo-tagged tweets and dasymetric mapping. The remainder
of this paper follows the process as shown in Figure 1.
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Figure 1 Overview of the process.

2
2.1

Data and pre-processing
Data collection

This study utilized public Twitter Application Programming Interfaces (APIs) to collect
geo-tagged Twitter messages (tweets) through customized Python programs. The geo-tagged
tweets were downloaded via the Twitter Streaming APIs and stored in a NoSQL database
(MongoDB). We collected geo-tagged tweets within the bounding box of San Diego County
for one year (from 2015/1/1 to 2015/12/31). There are total 7,884,806 geotagged tweets.
Among the collected data, 2,601,560 (33.2%) tweets do not contain the exact coordinates
and 2,355,945 (30.1%) were created outside the San Diego County. This study only utilized
the remaining 2,927,301 (37.7%) geo-tagged tweets within San Diego County for population
estimation. We noticed that the number of monthly geo-tagged tweets in San Diego County in
2015 fluctuated. The months of March and April 2015 have the biggest number of geo-tagged
tweets. A similar trend reported by other researchers, such as Business Insider [11] suspecting
that the causes might be due to Twitter’s systematic updates. Figure 2 illustrates the spatial
distribution of geotagged tweets from 12am to 1am in downtown, San Diego during weekdays
in July 2015 (over one month).
To apply dasymetric mapping based on different types of land use, the 2017 parcel land
use data was downloaded from the San Diego Association of Governments (SANDAG) website
(http://www.sandag.org). The census blocks and their population estimates in San Diego
County were obtained from the 2010 Decennial Census data.

Figure 2 The distribution of geo-tagged Twitter messages (tweets as red dots) in San Diego
downtown from 12am to 1am during weekdays in July of 2015 (26 days combined).
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2.2

Data cleaning

Previous research has identified some major types of data noises in Twitter data, including
spams, bots, and cyborgs [30, 7]. Spams and bot messages are created for reaching more
users and increasing the financial gain for spammers. Since spam and bots messages can
not represent the actual locations of human beings, we removed all the identifiable spams
and bots based on the source field in Twitter metadata and some general bot detection rules
(for example, removing tweets from TweetMyJOBS and others based on a black list of the
source field). The major portion of the noise (spams and bots) in San Diego dataset includes
job posting (9.07% of the total geo-tagged tweets, such as TweetMyJOBS), advertisements
(1.60%, such as dlvr.it), and earthquake (1.06%) in San Diego County. The earthquake
event-related tweets are geo-tagged in the localities of the earthquakes. In this study, 13.01%
of geo-tagged tweets were identified as noises and removed. After removing these spams and
bot posts, 2,546,385 tweets were used for calculating the unique Twitter users in each census
block within one hour by filtering multiple messages posted by a single user for weekdays
and weekends.

2.3

Selecting appropriate spatial and temporal scales for population
estimation

For spatial units, the U.S. Census block was selected to estimate the distribution of the
population. A census block is the smallest geographic unit defined by the U.S. Census Bureau
for demographic analysis and therefore, it can be aggregated to census tract or other spatial
units for the purpose of analysis. For example, census blocks can be aggregated to traffic
analysis zones(TAZ), which is a special area formalized by local transportation officials for
analyzing traffic-related data and evacuation planning. Researchers can utilize TAZ to create
disaster evacuation plans and emergency response procedures. We selected one hour as our
temporal resolution for estimating population density in San Diego County to meet the need
for evacuation planning. In Figure 3, during weekdays, the unique Twitter user activities
of posting Twitter messages decrease from midnight to 4 am. From 4 am to noon, the user
activity starts to climb up. We assume that relatively a large number of Twitter activities
around noon are due to tweets related to lunch time activities posted by residents and visitors.
The peak of the tweeting activities comes at around 8 pm when people are getting dinner or
enjoying leisure time with friends or family members. We also noticed that tweeting activities
show different patterns between weekdays (Monday to Friday) and weekends (Saturday and

Figure 3 Comparison of hourly average numbers of unique Twitter users in San Diego County
on weekdays (Monday to Friday) and weekends (Saturday to Sunday) in 2015.
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Sunday). In general, the tweeting activities are more active during the weekends comparing
to weekdays. Despite the similar pattern found on the weekdays where people tweeted most
around 8 pm, the tweeting rate is high at around 2 pm during weekends. Therefore, we
distinguish weekdays from weekends for the hourly population density estimation.

3
3.1
3.1.1

Methodology
Dynamic distribution patterns of unique Twitter users
Calculating the hourly unique Twitter users in census blocks

Within each geographical unit of census blocks, we estimate the population during a specific
hourly time slot by calculating the frequency of the unique user IDs. Since one Twitter user
can post several tweets within an hour from the same region (a census block), we counted
one unique user ID once within an area for one hour rather than the total number of tweets.
Figure 4(a) and (b) represent the distribution of unique Twitter users from 6 am – 6:59 am
(a) and from 8 pm – 8:59 pm (b) respectively during weekdays in 2015 in San Diego County.
The unique Twitter user density was calculated by using the total unique Twitter users within
one census block during the specific hour, divided by the area of the census block. Figure 4(c)
displays the 2010 population census data to visually compare its geographical distribution to
that of unique Twitter users. In these maps, we selected the quantile classification method at

Figure 4 Spatial distribution patterns of unique Twitter users using census blocks in San Diego
County from 6am – 6:59am (a) and from 8pm – 8:59pm (b) with 2015 geo-tagged tweets for weekdays.
The (c) map displays the population density using 2010 census data.
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8pm as the classification framework (applied to other time slots) in order to compare their
spatial patterns. Figure 4(a) and (b) show an increase in unique Twitter users from 6 am to
8 pm in Western urbanized areas. The geographical distribution of unique Twitter users from
8 pm – 8:59 pm (Figure 4(b)), when has the highest average number of unique Twitter users
in 2015 in San Diego County, is similar to that based on the 2010 census data (Figure 4(c)).
Maps in Figure 5 are enlarged views of Figure 4 exhibiting San Diego City downtown
areas. Figure 5(a) and (b) highlight the increase of the number of unique Twitter users
in areas shopping malls in Fashion Valley and Mission Valley, Balboa Park and San Diego
Zoo, and the downtown Gaslamp area. The dynamic changes in these areas are reflecting
the real world activities in San Diego downtown area. By comparing the 8 pm map (b)
with the 2010 census block population map (c), we found that the large number of unique
Twitter users in areas where there is no population in the census data. These areas are
governmental and commercial lands including the (A) San Diego international airport, (B)
the downtown Gaslamp quarter area, (C) Balboa Park and San Diego Zoo, (D) shopping
malls in Fashion Valley and Mission Valley, and (E) Qualcomm stadium. Since the census
population is considered as nighttime population estimated from residential addresses, this
example shows the capability of utilizing social media data to estimate daytime population
distribution at a finer spatio-temporal scale.

Figure 5 The spatial distribution of unique Twitter users in census blocks of San Diego downtown
areas from 6 am to 6:59 am (a) and from 8 pm to 8:59 pm (b) with 2015 geo-tagged tweets for
weekdays. The (c) map displays the 2010 census data in San Diego downtown areas.
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Comparing the population change patterns of unique Twitter
users between weekdays and weekends

With the hourly unique Twitter users density maps being produced (Figure 4 and Figure 5)
based on weekdays and weekends, some human movement patterns can be detected and
further analyzed. One of the advantages of visualizing dynamic Twitter user population
patterns is that their dynamic changes can reflect the real-world situation with a high spatial
resolution (census blocks) and a high temporal resolution (hourly). The following example
introduces a case study in the Qualcomm Stadium with a comparison between weekdays
and weekends (Figure 6). The Qualcomm Stadium is a multi-purpose stadium located in
San Diego City, CA. The Qualcomm Stadium events data is archived through their official
website in the events calendar. During the weekdays, the stadium usually hosts one to
three events per day from 15:00 to 20:30. The events held on weekends usually started from
10:30 and ended at 17:30. The population density of unique Twitter users in Qualcomm
Stadium during the weekdays shows the highest peak of Twitter user activities at 6pm.
The high peaks of weekend’s activities are from 1pm to 5pm. These patterns match the
real-world situations since most football game events are happening between 1pm to 5pm on
weekends. Figure 7 illustrates the comparison of the unique Twitter user density patterns in
the Qualcomm’s census blocks between weekday (a) and weekends (b) from 12pm to 12:59pm
with its surrounding area. Qualcomm Stadium has a higher density of population at 12pm
during weekends (comparing to weekdays).

Figure 6 Comparing weekdays (blue) and weekends (red) hourly unique Twitter user density in
the Qualcomm Stadium census block using 2015 geo-tagged tweets.

Figure 7 Hourly Unique Twitter User Density from 12pm to 12:59 pm at the Qualcomm Stadium
census block for Weekdays (a) and Weekends (b) in 2015.
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3.1.3

Comparing unique Twitter population with census data

Comparing the weekdays and weekends unique Twitter user density map in Census Block
polygon with census population can reveal the fact whether Twitter population can be used
to represent the human mobility and real human population during different period of time
in a day. The Census population represents the population distribution during the nighttime
since it collects the number of people living in their household.
The Table 1(a) presents the Zhx∩pop values in San Diego County area which compares
the similarity of census block with unique Twitter user in different time slot from H1 to H24.
Each Z value represents for the sum of absolute difference (SAD value) of two sets of data
within range 0 to 1 based on formula 1.
Zhx∩pop =

X PA∩hx
PA∩pop
−
Phxmax
Ppopmax

(1)

Where:
Zhx∩pop = the sum of the absolute difference of number of population between time slot hx
and census population pop;
PA∩hx = the value of unique Twitter population in time slot hx in Polygon PA ;
Phxmax = the maximum value of unique Twitter population in time slot hx.
Note that sd refers to San Diego, cb refers to census block polygon, wd refers weekdays,
and we refers to weekends. Thus, the intersection between H1 (0:00 to 0:59) and Zsd_cb_wd
stands for the SAD Value of comparing the unique Twitter user density map with census
block population density in the scale of San Diego County during weekdays. Based on the
results showed in the table for census block polygon, the H5 (4:00 to 4:49) in weekdays and
H6 (5:00 to 5:59) in weekends are the two time slot where the unique Twitter user is the
closest to the census block population. The census block population records the number of
human population in the residential area in detail. Meanwhile, 4:00 to 5:59 is usually the
time when people get up during the morning time. Thus, it is possible to reflect the human
residential area by using Twitter data.
Table 1(b) presents the Zhx∩pop values in San Diego downtown area by comparing the
census block population with unique Twitter user in downtown area, San Diego. Note that
dt refers to downtown area of San Diego, H5 (4:00 to 4:49) for both weekdays and weekends
is the time slot where the unique Twitter user is the closest to the census block population.
On the other side, from the perspective of dissimilarity, H24 (23:00 to 23:49) and H1 (0:00
to 0:59) have the most dissimilar unique Twitter user distribution comparing to the census
block population.

3.2

Transforming unique Twitter users to estimated population with
spatial and temporal variation factors

The previous sections illustrate how to calculate the dynamic changes of unique Twitter users
in high spatial and temporal resolution units. The next step is to create a dynamic population
model to transform the numbers of unique Twitter users into estimated population. We
proposed a simplified population estimation model using census blocks, land use data, and
dasymetric mapping methods like the following:
b hx∩a = U serN umberhx∩A ∗ (Thx ) ∗ (Shx∩A )
D

(2)
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Table 1 The sum of absolute difference between the number of hourly unique twitter data(from
0:00 to 23:59) with census block population during weekdays and weekends in (a) San Diego County
and (b) San Diego Downtown.

Time Slot
H1
H2
H3
H4
H5
H6
H7
H8
H9
H10
H11
H12
H13
H14
H15
H16
H17
H18
H19
H20
H21
H22
H23
H24

3.2.1

Description
00:00
01:00
02:00
03:00
04:00
05:00
06:00
07:00
08:00
09:00
10:00
11:00
12:00
13:00
14:00
15:00
16:00
17:00
18:00
19:00
20:00
21:00
22:00
23:00

to
to
to
to
to
to
to
to
to
to
to
to
to
to
to
to
to
to
to
to
to
to
to
to

00:59
01:59
02:59
03:59
04:59
05:59
06:59
07:59
08:59
09:59
10:59
11:59
12:59
13:59
14:59
15:59
16:59
17:59
18:59
19:59
20:59
21:59
22:59
23:59

(a) San Diego County
Weekdays Weekends
Zsd_cb_wd Zsd_cb_we
402.1
399.5
430.7
377.6
366.7
367.9
381.1
387.4
391.7
390.8
391.6
391.7
393.1
394.2
392.1
392.1
398.4
411.2
387.9
390.7
405.4
428.3
441.2
428.0

412.3
403.9
408.9)
402.6
367.9
367.0
377.4
386.5
381.8
388.8
388.9
397.5
396.1
399.9
398.4
396.3
398.1
392.7
396.4
392.3
394.6
397.5
392.1
409.3

(b) San Diego Downtown
Weekdays
Weekends
Zdt_cb_wd
Zdt_cb_we
131.3
126.4
121.3
109.0
97.5
97.8
101.9
104.4
106.5
106.5
107.2
107.3
108.2
108.5
108.0
108.0
110.9
116.7
107.2
108.0
114.1
123.4
129.2
132.8

120.0
116.0
1116.1
113.1
98.3
98.6
102.4
106.4
105.3
108.0
108.3
111.6
111.0
112.9
112.1
111.3
112.4
110.3
111.6
110.1
110.6
111.8
110.0
118.6

Temporal variation factor (t-value)

The temporal variation factor (T-value) is defined as a value of factor multiples with the
frequency number of hourly average Twitter user in each census block or land use polygon.
A temporal factor was based on hourly frequency changes of unique Twitter users within the
County of San Diego. Figure 8 illustrated the creation of temporal variation factor (T-value).
First of all, we calculate the total number of unique Twitter users in the whole San Diego
County at each hour (from 0am, 1am, 2am . . . ). Then we select the highest number (at
18:00-18:59 or H19, 75690) as the base number (T-value = 1). Each T-value is calculated
using the base number (75690) divided by the total unique Twitter user numbers in each
time slot. For example, the T-value at 4am will be 75690 / 5481 = 13.81.
Figure 9 shows the original unique Twitter user density map (a) and the estimated
population density map (b) with temporal variation factor (T-value = 3.82) from 0:00 to 0:59
in San Diego downtown for Weekdays in 2015. As Figure 9(b) shows, estimated population
with temporal variation factor at H1(0:00-0:59) is the result of the population in every census
block increased by T-value times. Given that people less likely tweet during nighttime,
temporal variation factor tends to be exaggerated during those hours.
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Figure 8 The total unique Twitter user numbers in each time slot and their T-values.

Figure 9 The original unique Twitter user density map (a) and the population density estimation
(b) with temporal variation factor (T-value = 3.82) from 0:00 to 0:59 in San Diego County during
weekdays in 2015.

3.2.2

Spatial change factor using dasymetric mapping method
(s-value)

We utilized dasymetric mapping technique to redistribute the unique Twitter user population
based on the ratio of average census population and the average hourly unique Twitter user
population in each type of land use categories. Various human activities happen at a certain
time in a certain land use type. For example, people would shop at shopping malls during its
open hours, meaning the population in commercial land use type during daytime. Therefore,
the goal is to refine the population density maps by taking different types of land use data
(residential areas, commercial areas, etc.) and census data into consideration.
The census block boundaries (43,326 polygons in San Diego County) were overlaid with
the 2016 parcel land use data (189,635 polygons) which created a union map with 740,843
polygons. The parcel land use data contains 10 types of land use which include unzoned,
single- family, minor multiple, restricted multiple, multiple residential, restricted commercial,
commercial, industrial, agricultural, and special. We downgraded the 10 types of land cover
into 6 categories which are unzoned, residential, commercial, industrial, agricultural, and
special. The road section were added into the parcel shapefile by extracting the road polygons
from SANDAG’s land use shapefile which shares the same dimension with parcel data. The
new land use map ended up with 7 types of land use in total (see Table 2). Both census
population and unique Twitter user population are re-distributed from the larger census
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block polygon to the finer polygons (subareas) in the overlaid map. The following formula (3)
were applied to calculate the number of census population with certain land use type (a) as:


SAA(a)
[ a = CPA
SCP
(3)
AA
Where:
[ a = the estimated count of census population in subarea of land use a;
SCP
CPA = the count of census population in census block A;
SAA(a) = the area of subarea a under census block A;
AA = the area of census block A;
a = the land use type;
A = census block ID.
The method of calculating unique Twitter population (formula 3) is similar to the way of
re-distributing census population, while adding the temporal variation variable (T-value)
into consideration. The count of unique Twitter population in census block A during time
slot hx, T Phx∩A is acquired by multiplying average unique Twitter user with T-Value as:
T Phx∩A = tphx∩A (Thx )

(4)

Where:
tphx∩A = the count of original Twitter population in census block A during time slot hx;
Thx = T-Value for certain time slot hx.
The estimated count of unique Twitter population in each subarea is then calculated
based on the ratio of the size of subarea and area of census block A.


SAA(a)
[
ST P hx∩a = T Phx∩A
(5)
AA
Where:
[
ST
P hx∩a = the estimated count of unique Twitter population during time slot hx in subarea
of land use A;
T Phx∩A = the count of unique Twitter population in census block A during time slot hx.
b hx∩a aims to estimate the hourly human population
The estimated population density D
based on the ratio of the sum of census population in land use Type a and the sum of hourly
unique Twitter user population in land use Type a. The ratio (RA ) is defined as:
P d
S CP a
RA = P
(6)
[
ST
P hx∩a

b hx∩a = RA
D

[
ST
P hx∩a
SAA(a)

!
(7)

b hx∩a for certain land use type is the estimated
While the estimated population density D
count of unique Twitter population with RA and divided by the size of the corresponding
subarea as formula (7). Table 2(a) shows the area of 7 land use types in square kilometer, the
total number of estimated unique Twitter population during H7 (6:00 to 6:59) and H21 (20:00
to 20:59) after applying T-value, and the estimated census population based on different
types of land use. Table 2(b) shows the ratio (RA ) which was calculated based on the division
P
P
P
[ a ) with twepop_h7 ( ST
[
[
of cenpop ( SCP
P h7∩a )) and twepop_h21 ( ST
P h21∩a ).
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Table 2 (a) The area of seven types of land use, the total number of estimated unique Twitter
user population during 6:00 to 6:59 (twepop_h7) and 20:00 to 20:59 (twepop_h21), and the total
number of estimated census population (cenpop) based on land use. (b) The Ratio for estimating
the h7 (6:00 to 6:59) and h21 (20:00 to 20:59) real population and its corresponding land use type.

LC
0
1
2
3
4
5
6

Land Use
Unzoned
Residential
Commercial
Industrial
Agricultural
Special
Road

4

Results

Area(km2 )
6437.72
1626.62
394.29
322.65
1704.09
291.88
285.68

twepop_h7
65.61
96.56
42.07
21.50
2.97
8.43
52.55

(a)
twepop_h21
46.37
109.85
49.32
18.15
2.73
7.13
55.82

cenpop
99553.74
1128499.76
112381.49
24372.34
15602.81
24342.04
392448.08

ratio_h7
1517.25
11686.73
2671.32
1133.52
5252.44
2889.01
7467.56

(b)
ratio_h21
2147.05
10272.84
2278.48
1342.97
5708.23
3413.78
7030.45

Figure 10 and Figure 11 show the preliminary result of applying dasymetric mapping equations
(4) and (5) to adjust and re-distribute hourly unique Twitter user population into estimated
population density. The purpose of the comparison between maps is not to examine the
difference in numbers in each census. Instead, the focus is to visually compare the relative
distribution of areas with high and low frequency between the two maps.

Figure 10 (a) Population density estimation with spatial variation factor and the dasymetric
mapping method from 6:00 to 6:59 in San Diego downtown areas during Weekdays in 2015; (b) the
original hourly unique Twitter user density from 6:00 to 6:59 in San Diego downtown areas during
Weekdays in 2015.

Table 2(b) shows that the value of residential area is higher than the values of the rest 6
types of land use types due to the influence brought by census block data. Therefore, when
the estimated population is calculated by reflecting temporal variation factors and spatial
change factor, more population can be redistributed to the residential area. Based on the
side by side comparison of estimated population density and the original unique Twitter
user population, the estimated population is transformed by the landuse types and more
population is redistributed on the residential area than the rest 6 types of land use due to the
influence brought by overlaying landuse with census data. Since census data represents the
count of population at home, the dasymetric mapping methods could improve the estimations
using Twitter density maps and to adjust the shortage of the people who may not tweet
much when they are sleeping or at home. Figure 10(a) shows more population in residential
area instead of the original situation where downtown areas have higher density population.
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In Figure 11, the maps show the comparison of the estimated population density map
(a) and the original unique Twitter user population density map (b) from 20:00 to 20:59
during weekdays in San Diego downtown areas, with the 2010 population density based on
2010 census data (c). The result shows that dasymetric mapping technique could provide a
balanced population estimation comparing to the hourly unique Twitter user density and
the census (night-time only) population. Comparing to the Twitter density map in the same
time slot (from 20:00 to 20:59), high population density areas, such as Balboa Park and San
Diego Zoo, shopping malls, and San Diego International Airport, are better estimated by
using dasymetric maps with Twitter user population density data and landuse data.

Figure 11 (a) Population density estimation map with the spatial variation factor and dasymetric
mapping method from 20:00 to 20:59 in San Diego downtown areas during Weekdays in 2015.; (b)
the original hourly unique Twitter user density map (middle) from 20:00 to 20:59 in San Diego
downtown areas during Weekdays in 2015; (c) the 2010 census block population density map using
census data.

5

Limitations and future study

There are several research limitations in our study as the following:
(a) Geo-tagged Twitter users can not represent the total population. In general, social media
users are younger comparing to the general population, and more users live in urban
areas than rural areas [10].
(b) It is very difficult to validate our dynamic population model because there is no similar
data existed in San Diego County. We can only estimate the night time population to
compare to the actual 2010 census data. However, these data are not created originally
for displaying the dynamic hourly population density and may not be suitable for the
validation purpose.
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(c) Spatial and temporal factors in population estimation are usually correlated and should
be considered together [2]. Our simplified model does not consider the autocorrelation
between the spatial and temporal factors.
(d) This study only utilizes one single social media data (Twitter) among many kinds
of them. For sustainability, we should consider combining other social media, such
as Instagram, Facebook check-in, Foursquare, and other possible digital footprints to
enhance our population model. However, different types of social media platforms and
digital footprints may have different types of spatiotemporal patterns, which will be
another challenge research question.
(e) The public Streaming APIs provided by Twitter is not very stable. We found that
unequal number of tweets collect in different months and days, which may create some
biases in our estimation of population density. For example, the Twitter use activities
during March and April may more influence to the final population estimation result.
To improve and refine our future study of population density models, we are planning
to use more complicated dasymetric mapping methods similar to intelligent dasymetric
mapping technique (IDM)[21] to calculate the probability of population distribution in a
more detailed land use category and census blocks using other spatial statistic methods, such
as Weighted Linear Combination (WLC). We recognized that validation is a key challenge to
evaluate our dynamic population estimation model. While collecting dynamic population
from real world in a large area is extremely difficult, it might be possible to partially compare
the estimate during a certain temporal duration with existing data. For example, Census
American Community Survey (ACS) provides a daytime population estimate [20]. Therefore,
we can measure the goodness of fit between the estimates from the model and ACS during
daytime (e.g., 9 am to 3 pm, a core work hour). However, it is necessary to carefully consider
the validation process since social media data are drawn from potentially biased population
and the data may include not only local residents but also visitors whereas ACS data account
for residents and workers. Taking visitors in San Diego into consideration can be helpful for
revealing the real pattern of human dynamic. Therefore, further social media data filtering
procedures should be applied to identify local residents for validation. While data at finer
spatial and temporal scales can provide better understanding of human movement, it can
raise privacy concerns. Population estimation needs to find balance between privacy and
accuracy. Within the context of social media studies, fine scale results are not the most
appropriate because they can reveal users’ location. Results should be aggregated to the point
at which they show significance without jeopardizing users’ privacy. Therefore, researchers
should ask how fine does the data need to be to protect users’ privacy while also providing
meaningful results. Methods such as data anonymization and using aggregated data to
mitigate privacy risks can be considered.
The finalized framework, with frontend web design and backend database, can be applied
with real-time data as well in the future by upgrading the current 1 hour temporal resolution
to 10 minutes or even higher scale. To summarize, although the Twitter data cannot perfectly
represent the entire population, this study has revealed the potential research framework
using social media data and dasymetric maps to calculate the dynamic change of population
distribution patterns. Our proposed methods can provide a better estimation of hourly
population patterns in airports, sports stadiums, shopping malls, downtown areas, parks and
other tourist locations comparing to traditional census data or ACS data.
The combination of multiple social media data, mobile phone records, and other digital
footprints created by human beings will be a great source to study human dynamics and help
us to understand different types of human behaviors, movements, and activities in high spatial
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and temporal resolution. This integration of utilizing multiple sources of information would
be able to increase the demographic comprehensiveness of this research. This information can
facilitate the improvement of our transportation systems, emergency evacuation procedures,
and urban planning in the future.
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Given a spatial network and a set of service center nodes from k different resource types, a Multiple
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Areas that can minimize the total cycle distances of graph-nodes to allotted k service center nodes
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datasets demonstrate that the proposed approach creates MRNVD and significantly reduces the
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1

Introduction

Given a spatial network and a set of service center nodes from k different resource types
(e.g. gas stations, grocery stores, shelters, hospitals, etc), a Multiple Resource-Network
Voronoi Diagram (MRNVD) partitions the spatial graph into a set of Service Areas (SA)
that can minimize the total cycle distances of graph-nodes to allotted k service center nodes
with different resource types. Figure 1a shows an example input of MRNVD consisting of
a graph with 25 graph-nodes (i.e., A, B, . . . , Y ) and service center nodes with three types
(i.e., T ype1(B, Y ), T ype2(I, Q), and T ype3(F, R)). Figure 1b shows an example output of
MRNVD where the graph is partitioned such that every graph-node is allotted to three
service centers with different types. The objective is to minimize the total cycle distances of
graph-nodes to allotted k service center nodes with different types. The MRNVD problem is
NP-hard (a proof is provided in Section 2.1). Intuitively, the problem is computationally
challenging because of the large size of the transportation network.
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Figure 1 Example of Input and Output of MRNVD (Best in Colors).

1.1

Application Domain

The MRNVD problem is important for critical societal applications such as assigning essential
resources (e.g., food, water, gas, and medical assistance) to residents impacted by man-made
or natural disasters. The objective of MRNVD is to minimize the total cycle distances
such that residents can quickly visit their allotted service centers and back to their original
location. MRNVD can help us to identify the most efficient route to visit all required service
centers. In addition, the simple format of information is vital to communicate effectively
during an emergency. MRNVD provides compact and simple representation of Service Areas
(SA) that can mitigate panic and chaos and allow for efficient delivery of critical information
to the public. Examples of such situations are provided in Table 1.
Table 1 Applications of MRNVD.
Applications

Benefit of MRNVD Service Areas

Emergency Resource
Allocation
Store Choices
Tourist Site Selection

Develop an emergency plan to help citizens to minimize their travel
times to obtain all required resources.
Provide an efficient route to save time and gas while shopping.
Recommend a tourist route that can visit attractions with different
types.

2

Problem Definition

In our formulation of the MRNVD problem, a transportation network is represented and
analyzed as an undirected graph composed of nodes and edges. Every node represents a
spatial location in geographic space (e.g., road intersections), which can be used as a proxy
for locations of residents. Every edge between two nodes represents a road segment and has
a travel distance. Every service center has a resource type (e.g., water, food, gas, medicine,
etc.). The M RN V D(N, E, S, D) problem is defined as follows:
Intput: A transportation network G with
a set of graph-nodes N and a set of edges E,
a set of service center locations with k different resource types S ⊂ N , and
a set of nonnegative real distances of edges D : E→R0+
Output: A Multiple Resource Network Voronoi Diagram (MRNVD)
Objective:
Min-sum: Minimize the total cycle distances of graph-nodes to their allotted k service
center nodes with different types of resources.
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Constraints:
Service Area (SA) allotment must be k service center nodes with different types of
resources.
I Definition 1 (Cycle Distance). Given a starting point and a set of k different service
centers, the cycle distance is the distance of the shortest route that visits k service centers
and returns to the starting point.

2.1

Problem Hardness

The NP-hardness of MRNVD follows from a well-known result about the NP-hardness of the
traveling salesman problem.
I Theorem 1. The MRNVD problem is NP-hard.
Proof. The NP-hardness of MRNVD can be proved by reduction from a well known NPhardness problem, the traveling salesman problem (TSP) [19]. Given a starting point o and
a set of service centers S, TSP finds the shortest cycle distance of o. Let A = (o, S) be an
instance of TSP, where o is the starting point and S is a set of service centers. Let B = (O, S)
be an instance of the MRNVD problem, where O is a set of staring points and S is a set of
service centers. Assume that every service center has a different type. Let O = {o}. Then
the instance of TSP is a special case of MRNVD, where O is a set with a single element (i.e.,
o). Since A is constructed from B in polynomial-bounded time, the proof is complete. J

2.2

Our Contribution

In this paper, we propose a novel algorithm for creating MRNVD based on two Distance
bounded Pruning (DP) methods. Our approach has three key components: 1) StraightDistance bounded Pruning (SDP), 2), Triangular-Distance bounded Pruning (TDP) and 3)
2-opt cycle route computation. In addition, we design a baseline algorithm to evaluate the
performance of the proposed approach. Specifically, our contribution is as follows:
We introduce a new Network Voronoi Diagram, namely Multiple Resource Network
Voronoi Diagram (MRNVD).
We prove that the MRNVD problem is NP-hard.
We design a baseline algorithm that can produce the optimal solution of MRNVD.
We propose the Distance bounded Pruning (DP) algorithm based on three key ideas: 1)
Straight-Distance bounded Pruning (SDP), 2), Triangular-Distance bounded Pruning
(TDP) and 3) 2-opt cycle route computation.
Our experimental results and a case study using real-world datasets demonstrate that
our proposed algorithm outperforms the baseline algorithm and significantly reduces the
computational cost to create a MRNVD.

2.3

Related Work

Network Voronoi Diagram (NVD) is extensively used to identify the nearest service center [7,
16, 15, 22]. However, the application of NVD is limited to a single type of resource [17].
Consider the example of the resident who is looking for gas, water, and medicine at the same
time. NVD cannot minimize the travel time to visit three service centers for each resource.
Recently two-site network Voronoi diagrams were proposed to identify the best route for
two different resources [5, 6]. The general idea is to find the minimum triangle-perimeter to
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partition the spatial network to a set of Service Areas. However, two-site network Voronoi
diagrams cannot be generalized into MRNVD due to the hardness of the cycle distance
computation. The Voronoi based k nearest neighbor search for spatial network databases
was proposed to identify k different nearest service centers [13]. However, the Voronoi k
Nearest Neighbor cannot produce the minimum cycle distance because it considers only the
distance of the graph-node to service center nodes. There are slightly different approaches
for partitioning urban areas into functional or service regions. The multiplicatively weighted
order-k Minkowski-metric Voronoi diagrams were utilized to develop a map-based emergency
support system [14]. The partitioning method based on street intersections and barriers
was developed to support mobility infrastructure planning and optimization in an urban
environment [10]. In this work, we propose a novel approach for creating MRNVD that can
minimize the total cycle distances of graph-nodes to their allotted k service center nodes
with different types.

2.4

Scope and outline

The rest of the paper is organized as follows: Section 3 explains the baseline and proposed
pruning approaches for the MRNVD problem. We provide correctness proofs of the proposed
approaches in Section 4. In Section 5, we give a cost model of our proposed approaches.
Section 6 presents the experimental observations and results. A real world example is given
in Section 7 as a case study. Finally, Section 8 concludes the paper.

3

Proposed Approach for MRNVD

In this section, we first describe the baseline approach that creates the optimal MRNVD,
and then we introduce the Distance bounded Pruning (DP) approach that can reduce the
computational cost by using three key components: 1) Straight-Distance bounded Pruning
(SDP), 2) Triangular-Distance bounded Pruning (TDP), and 3) 2-opt cycle route computation.

3.1

Baseline approach

The baseline approach starts by generating all possible combinations of k different service
center nodes and identifies the shortest cycle distances of graph-nodes to their allotted
service centers. The key component of the baseline approach is to utilize the dynamic
programming technique to find the shortest cycle distance of a graph-node to its allotted
service centers [2, 12].
Consider the example input of MRNVD in Figure 2a (reproduced from Figure 1a). Let us
identify the cycle distance for node E. First, the baseline approach generates all combinations
for three types of service centers. In this example, the service centers are of three types: Type1,
Type2, and Type3, and each type has two service centers (i.e., T ype1(B, Y ), T ype2(I, Q),
and T ype3(F, R)). The number of combinations is 23 = 8 and these combinations are
{B, F, I}, {B, I, R}, {B, F, Q}, {B, Q, R}, {F, I, Y }, {I, R, Y }, {F, Q, Y }, and {Q, R, Y }.
Second, it computes the cycle distance for each combination using the Held–Karp algorithm
(see Figure 2b) [12, 21]. Since combination {B, F, I} can produce the shortest cycle for node
E (i.e., E → I → F → B → E (117)), the baseline approach assigns service center nodes
{B, F, I} to node E.
The baseline approach examines all graph-nodes (i.e., nodes A−Y ) and computes the cycle
distance for each graph-node. It creates the optimal solution for MRNVD (see Lemma 1).
However, since the computational cost is exponential, it is challenging to find the optimal
solution for large-size transportation network (see Section 5.1) [21].
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{Q, R, Y }

E −→ Y −→ Q −→ F −→ E
E −→ Y −→ R −→ Q −→ E

(b) Cycle Distance Computation for node E.

Figure 2 Example of service center allotment for node E using the cycle distance computation.

3.2

Proposed Approaches

In this section, we describe two novel pruning methods (i.e., Straight-Distance bounded
Pruning (SDP) and (b) Triangular-Distance bounded Pruning (TDP)) to reduce the search
space for the MRNVD problem. In addition, we introduce the 2-opt cycle route computation
method to minimize the computational cost for the cycle distance.

3.2.1

Straight-Distance bounded Pruning (SDP)

The main performance bottleneck of the baseline approach is to compute the cycle distance
for each combination of service centers. In this subsection, we introduce the Straight-Distance
bounded Pruning (SDP) method that can reduce the search space for the combinations using
a Set Window (SW).
I Definition 2 (Set Window). Given a set of service center nodes S, a node n, and a
distance bound d, a Set Window (SW) is defined as a set of service centers SW ⊂ S that are
within distance of d from node n.
The core idea of SDP is to find the lower and upper bounds of the cycle distance based
on a Set Window (SW) and rule out non-optimal combinations when the center nodes in
these combinations violate the bound constraints. This approach can reduce the number
of computations for the cycle distance without losing the optimality of the solution (see
Lemma 3 and 4). The SDP method proceeds in three steps. First, it constructs the initial
Set Window (SW). Next, it incrementally increases the size of SW until it meets the lower
and upper bounds. Finally it finds the minimum cycle distance in SW.
I Definition 3 (Initial Set Window). Given a set of service center nodes S and a node n,
the Initial Set Window is defined as the minimum set of closest service centers to n that
contain all types of service centers.
SDP starts by creating an initial SW for each graph-node. Given a node n ∈ N , SDP
constructs an ordered-list of service centers based on the distance from node n. Then, it
identifies the minimum-sized SW that includes all types of service centers. We set the
minimum-sized SW as the initial SW because it contains k different service centers and
creates the cycle distances that are feasible but may not be optimal (Lemma 2).
The SDP method incrementally increases the size of SW for node n and updates the lower
and upper bounds of the optimal cycle distance of node n. Given a Set Window (SW), the
lower-bound of the cycle distance is obtained by doubling the distance of n to the farthest
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service center node in SW (see Lemma 3). The upper-bound of the cycle distance is the
minimum cycle distance among all combinations in SW (see Lemma 4). If the lower-bound
is greater than the upper-bound, SDP stops increasing the size of SW and finds the optimal
cycle distance in the current SW.
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Figure 3 Initial Set Window (SW) for node E and lower and upper bounds.

Consider again node E in Figure 2. Figure 3 shows the example of the initial SW for
node E. Given a node E, all service centers are ordered by the distance from node E. The
vertical bar splits the ordered-list into the left and right parts; The left part becomes the
initial SW (i.e., {I, B, Y, F }) whose size is minimal and includes all types of service centers.
Then SDP computes the initial lower and upper bounds of the cycle distance of node E.
The lower-bound is the double of the distance from node E to the farthest node in SW (see
Lemma 3). Since node F is the farthest service center node from E in SW, the lower-bound
becomes 110. Next, SDP generates all possible combinations of the three different service
types (i.e., {B, F, I} and {F, I, Y }) and identifies the minimum cycle distance among these
combinations. Since the minimum cycle distance is 117 in the initial SW, the upper-bound
becomes 117 (see Lemma 4). Since the upper-bound is greater than the lower-bound, SDP
can increase the size of SW.
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Figure 4 SDP: Iteration 1: lower and upper bounds in SW.

After the construction of the initial SW, SDP incrementally increases the size of SW
by one and updates the lower and upper bounds until SW violates the bound constraints.
Figure 4 shows SW whose size is increased by one (i.e., {I, B, Y, F, R}). The new combinations
generated by SW are {B, I, R} and {I, R, Y }. The upper-bound is the same as the previous
upper-bound (i.e., 117), but the lower-bound is updated to 116. Since the upper-bound is
greater than the lower-bound, SDP continues to increase the size of SW.
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Figure 5 SDP: Iteration 2: lower and upper bounds in SW.
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Figure 5 shows that SDP adds node Q to increase the size of SW by one. The lower-bound
is updated to 126. Since the lower-bound is greater than the upper-bound (i.e., 117), SW
violates the bound constraints. Therefore, SDP assigns {B, F, I} to node E and stop the
search immediately. The SDP method can be summarized as follows. 1) construct the initial
SW, 2) incrementally increase the size of SW and update lower and upper bounds, 3) stop
when SW violates the bound constraints and return the optimal cycle distance.

3.2.2

Triangle-Distance bounded Pruning Approach

In this subsection, we introduce the Triangle-Distance bounded Pruning (TDP) method that
can prune the search space for combinations using the max-min triangle-distance.
I Definition 4 (Triangle-Distance(n, s1 , s2 )). Given a starting node n and two service
center nodes s1 and s2 , the triangle-distance is defined as the cycle distance of n → s1 →
s2 → n.
I Definition 5 (Min Triangle-Distance(n, s1 , t)). Given a starting node n, a service center
node s1 , and a type of service centers t, the min triangle-distance is defined as the minimum
Triangle-Distance(n, s1 , s2 ), where type(s2 ) = t.
I Definition 6 (Max-Min Triangle-Distance(n, s1 )). Given a starting node n, a service
center node s1 , and a set of types of service centers T , the max-min triangle-distance is
defined as the maximum of min triangle-distance(n, s1 , t ∈ T ).
The core idea of TDP is that when Max-Min Triangle-Distance (n, s1 ) is greater than
the upper-bound of the cycle distance, the algorithm will not compute the cycle distance of
the combinations that includes node s1 (see Lemma 5). We refer to s1 as the anchor-node.

Node
E

Type 2
I

Type 1
B

Type 1
Y

Type 3
F

Combinations

Shortest Cycle

Cycle Distance

Type 3

Type 2
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E→
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Q
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− Y →
− E

171

{B, I, R}
{I, R, Y }

Figure 6 Node E Set Window (SW) and all combinations for TDP.

Given a Set Window (SW), TDP starts by constructing the triangle-distance table for
anchor-nodes (i.e., service center nodes) and computes the max-min triangle-distance for each
anchor-node. Consider the Set Window (SW) in Figure 6 (reproduced from Figure 4). First,
TDP groups a set of service center nodes based on types and constructs the triangle-distance
table for anchor-nodes (i.e., nodes I, B, Y , F , and R) (see Figure 7). In this example, the
group of type 1 is {B, Y }, the group of type 2 is {I}, and the group of type 3 is {F, R}.
Next, TDP computes the min triangle-distance for each type of service centers. For instance,
the min triangle-distance with anchor-node I and Type 1 becomes 96. Then, it defines the
max-min triangle-distance for each anchor-node.
Note that the upper-bound of the cycle distance in SW is 117 (see Figure 6). Since the
max-min triangle-distances of nodes Y and R are greater than the upper-bound of the cycle
distance (i.e., 128), nodes Y and R cannot be a part of the shortest cycle. Therefore, TDP
can rule out the computations of the cycle distances for combinations {F, I, Y } {B, I, R}
and {I, R, Y } because these combinations cannot produce the optimal cycle distance. The
TDP method can be summarized as follows. 1) group a set of service centers based on
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Figure 7 Triangle-Distance Table for node E (Highlighted values violate the triangle-distance
bound).

types, 2) compute the min-triangle-distance for each anchor-node and each type, 3) compute
the max-min triangle-distance for each anchor-node, and 4) rule out the combinations that
violate the triangle-distance bound.

3.3

2-opt Cycle Route Computation

Although SDP and TDP rule out the computations of the non-optimal cycle distance,
the proposed DP algorithm may be inapplicable for sizable road networks because the
computational cost of the optimal cycle distance is exponential in terms of the number of
service types (see Section 5.2) [2, 12]. Thus we propose a more scalable algorithm using the
2-opt method [4, 8]. The 2-opt method is a heuristic that repeatedly applies 2-opt swaps to
minimize the cycle distance. Our proposed approach uses the nearest neighbor heuristic to
construct the initial solution and applies the 2-opt method to find the near-optimal cycle
distance [1]. The novel component of our approach is to utilize the Tabu-search method that
can easily transform 2-opt swaps to 4-opt or more swaps. A Tabu-search uses a Tabu-list in
order to escape from local minima and search neighboring solutions until a certain stopping
criterion is satisfied. The algorithm convergence of Distance bounded Pruning (DP) with
Tabu-search follows from a well-known result about the convergence of the Convergence
Tabu Search (CTS) [11].
Given a solution s, let N (s) be the set of neighborhood solutions of s. Let GN = (V, E)
be a graph induced by N (s), where V is a set of solutions and E represents the neighborhood
relationship between two solutions. The CTS algorithm converges and terminates after
exploring all solutions S if the following two conditions hold [11]:
1. The neighborhood relation is symmetric, i.e. x ∈ N (y) ⇔ y ∈ N (x) for all x, y ∈ S
2. Given a graph GN , there exists a path between every pair of solutions x, y ∈ S.
Since the 2-opt method satisfies the two conditions, DP with Tabu-search converges and
terminates (see Lemma 6). In addition, it can significantly reduce the computational cost of
the DP algorithm (see Section 5.3).
Algorithm 1 presents the pseudo-code for Distance bounded Pruning (DP). DP computes
the distance matrix for graph-nodes in G (Line 1). For each graph-node n, DP computes the
cycle distance of n (Line 2-8). First, it constructs the initial Set Window (SW) and compute
the lower and upper bounds of the optimal cycle distance (Line 3-4). Next, it incrementally
increases the size of SW and updates the lower and upper bounds of the optimal cycle
distance (Line 6-7). SDP and TDP are used to rule out the non-optimal combinations for
the cycle distance computation. When SW violates the bound constraints, DP finds the
optimal cycle distance and assigns service center nodes to n (Line 9). This process continues
until all graph-nodes are allotted (Line 2). Finally, MRNVD is returned (Line 11).
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Algorithm 1 Distance bounded Pruning algorithm (Pseudo-code).
Inputs:
- A transportation network G(N, E) with graph-nodes N and edges E.
- A set of service center locations with k different resource types S ⊂ N .
- Every edge has a distance d(e)
Output: Multiple Resource Network Voronoi Diagram
Steps:
1: Compute the distance matrix for graph-nodes in G.
2: for graph-node n ∈ N in G(N, E) do
3:
Construct the initial Set Window (SW) for n.
4:
Compute the initial lower and upper bounds of the cycle distance.
5:
while the bound constraints are not violated do
6:
Increase the size of SW by one.
7:
Update the lower and upper bounds and prune search space using SDP and TDP.
8:
end while
9:
Identify the cycle distance of n and allot service centers nodes to n.
10: end for
11: return MRNVD (i.e., allotment of graph-nodes to their service centers).

4

Analysis of the MRNVD proposed approaches

In this section, we prove that the proposed DP approaches are correct, i.e., the DP algorithm
creates a MRNVD.
I Lemma 1. The baseline approach to the MRNVD problem creates the optimal solution.
Proof. The baseline approach considers all combinations of service centers for the cycle
distance. For each combination, it utilizes the dynamic programming method to compute
the cycle distance [12]. The optimal structure of the cycle distance is that every sub-path of
the minimum cycle is itself a path with the minimum distance. Therefore, the output of the
baseline approach is optimal.
J
I Lemma 2. The initial Set Window (SW) should be the minimum-sized SW that contains
k different service centers.
Proof. Assume that the initial SW has less than k different service centers. Then the initial
SW cannot produce the feasible solution for the allotment. This contradicts the original
assumption.
J
I Lemma 3. The lower-bound of the cycle distance is obtained by doubling the distance of n
to the farthest service center node in the Set Window (SW).
Proof. The lower-bound of the cycle distance can be proven by the mathematical induction
method. Let n be the starting point, let Ssw be a set of service center nodes in SW, and
let s0 be the farthest service center node from n. We begin with the initial SW. The initial
SW is the minimum node set that includes all different types of service centers. Therefore,
the feasible solution of the minimum cycle should include the farthest service center node in
the initial SW. Let the shortest distance of n to s0 be cost(n, s0 ). Assume that we add one
service center s ∈ S to cycle n → s0 → n. After the addition of the service center s ∈ Ssw ,
the shortest distance of the cycle monotonically increases according to the triangle inequality
theorem. Therefore, 2 · cost(n, s0 ) becomes the lower-bound of the cycle distance for the
initial SW. Next, we increase the size of SW by one. Then the new added node becomes the
farthest service center node from n. Let s1 be the farthest service center node from n. SW
should include s1 to compute the cycle distance. If not, we do not need to increase the size
of SW. According to the triangle inequality theorem, 2 · cost(n, s1 ) becomes the lower-bound
of the cycle distance for SW. Therefore, we complete the proof by induction.
J
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I Lemma 4. The upper-bound of the cycle distance is the minimum cycle distance in SW.
Proof. Let S be a set of service center nodes and Ssw be a set of service center nodes.
Since Ssw ⊂ S, the minimum cycle distance in Ssw is greater than or equal to the optimal
cycle distance in S. Therefore, the upper-bound of the cycle distance is the minimum cycle
distance in SW.
J
I Lemma 5. If M ax-M in T riangle-Distance(n, s1 ) is greater than the upper-bound of the
cycle distance, then anchor-node s1 cannot be a part of the optimal cycle.
Proof. Let n be the starting point, let s1 be the anchor point, and let T be a set of types
of service centers. M in T riangle-Distance(n, s1 , t) becomes a lower-bound of the cycle
distance for every type t ∈ T . Therefore, maxt∈T M in-T riangle-Distance(n, s1 , t) becomes
a lower-bound of the cycle distance that include anchor-node s1 . Since the lower-bound
cannot be greater than the upper-bound, anchor-node s1 cannot be a part of the optimal
cycle.
J
I Lemma 6. The 2-opt method with Tabu-search converges and terminates.
Proof. The 2-opt method has the symmetric neighborhood relation. Moreover, every solution
has a path to other solutions by swapping two nodes. Since the 2-opt method satisfies the
two conditions of CTS, the proof is complete.
J

5

Algebraic Cost Model of Pruning Algorithms

The goal of this section is to present cost models for our proposed approaches. Let n be
the number of graph-nodes, let k be the number of types in service centers, let c be the
maximum number of service centers for a service type.

5.1

Baseline Approach

The baseline approach starts by generating all possible combinations of k different service
centers. This takes O(ck ). Given a combination, the cost of computation for the cycle
distance is 2k · k 2 [1]. Since the number of combinations is bounded by O(ck ), the minimum
cycle distance for a graph-node can be obtained by the cost of O(ck · 2k · k 2 ). The number of
graph-nodes is n. Therefore, the baseline approach takes O(ck · 2k · k 2 · n).

5.2

Distance Bounded Pruning (DP) Approach

The Distance bounded Pruning (DP) approach starts by ordering service centers based on the
distance. This takes O(c · k · log(c · k)). Next, The Straight-Distance bounded Pruning (SDP)
method creates an initial Set Window (SW) and incrementally increase the size of SW. The
size of SW is bounded by O(c · k). During this incremental process, the cost for computing
the lower-bounds is O(c · k) and the cost for computing the upper-bound is O(ck · 2k · k 2 ).
The Triangle-Distance bounded Pruning (TDP) method creates the Triangle-Distance Tables
to compute the max-min triangle-distances. This takes O(c2 · k 2 ). Thus, the total cost of the
allotment for each node is O(c · k + c2 · k 2 + ck · 2k · k 2 ) = O(ck · 2k · k 2 ). Since the number
of graph-nodes is n, DP takes O(ck · 2k · k 2 · n). In worst case, the cost model of DP is the
same as the cost model of the baseline approach. However, DP can rule out the non-optimal
combinations and significantly reduce the number of computations of the cycle distances
using SDP and TDP.
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DP with 2-opt cycle route computation

DP with 2-opt cycle route computation (DP 2-opt) uses the Tabu-search method and reduces
the computational cost of the cycle distances. The Tabu-search requires multiple iterations
to find the near-optimal solution [9, 20]. At each iteration, it swaps two pairs of nodes and
temporally locks these nodes for the iteration. Each swap takes O(k 2 ). The number of swaps
is bounded by O(k). Thus, the cost of each iteration takes O(k 3 ). Assume that the number
of iteration is bounded by O(i). Then, the cost of computations of the cycle distance is
O(k 3 · i). Therefore, the cost model for DP 2-opt is O(ck · k 3 · i · n). Since the number of
iterations (i.e., i) until convergence is often small, the cost model in practice is considered to
be O(ck · k 3 · n).

6

Experimental Evaluation

We conducted experiments to evaluate performance of Baseline and Distance bounded
Pruning (DP) approaches. The overall goal was to show the performance improvements to
create a MRNVD that can be obtained by the DP approach. We wanted to answer four
questions: (1) What is the effect of the number of service types? (2) What is the effect of
the number of service centers? (3) What is the effect of the size of the network (i.e., number
of graph-nodes)? (4) Is DP algorithm correct, and is the solution quality preserved?

6.1

Experiment Layout

Figure 8 shows our experimental setup. We chose five different municipal areas in the U.S.
from OpenStreetMap [18]. We used the locations of service centers in these areas and created
a Multiple Resource Network Voronoi Diagram (MRNVD). We tested three approaches: (1)
Baseline approach (BL), (2) Distance bounded Pruning approach (DP), and (3) DP with
2-opt heuristic for cycle distance calculation approach (DP 2-opt).
Number of Service Types
OpenStreetMap

Number of Nodes

Number of Service Centers

Transportation Network

Baseline
Create

MRNVD

DP
Create

MRNVD

DP 2-opt
Create

MRNVD

Run time
Sum of cycle distances
Comparative Analysis

Figure 8 Experiment Layout.

6.2

Experiment Results and Analysis

We experimentally evaluated the proposed algorithms by comparing the impact on performance of (1) number of service types, (2) number of service centers per type and (3) size of the
transportation network. We extracted the locations of service centers from OpenStreetMap
datasets and then randomly chose a set of service centers from extracted ones to vary the
number of service centers. The algorithms were implemented in Java with a 32 GB memory
run-time environment. All experiments were performed on an Intel Core i5 machine running
Windows 10 with 32 GB of RAM.
GIScience 2021

11:12

Multiple Resource Network Voronoi Diagram

6.2.1

Effect of Number of Service Types

The first set of experiments evaluated the effect of the number of service types on the
performance of the algorithms. We used a Florida road map consisting of 460, 791 nodes and
653, 392 edges. We fixed the number of nodes to 5, 000 and the number of service centers to
3. We varied the number of service types from 3 to 8. We randomly chose the locations of
service centers and constructed 45 test cases. Performance measurements were execution
time and the sum of the cycle distances. The performance measurements were averaged
over 45 test runs. Figure 9a gives the execution times. As can be seen, the DP approaches
outperforms the baseline approach. This is because the number of combinations for the cycle
distance computation increases as the number of service types increases. DP with 2-opt
heuristic outperforms other approaches because it can reduce the computational cost for
the cycle distance. When comparing the sum of the cycle distances, we see that the DP
approach produce the optimal solution (see Figure 9b). This means that SDP and TDP
have no effect on the solution quality. DP with 2-opt heuristic (DP 2-opt) performs almost
identically to the optimal approaches. As the number of service types increase, the sum of
the cycle distances increases.

(a) Run Time Comparison.

(b) Comparison of Solution Quality.

Figure 9 Effect of number of service types (n = 5, 000, c = 3).

6.2.2

Effect of Number of Service Centers

The second set of experiments evaluated the effect of the number of service centers on the
performance of the algorithms. Performance measurements were execution time and the sum
of the cycle distances. We fixed the number of nodes to 5, 000 and the number of service
types to 4. The number of service centers was varied from 3 to 15. Locations of service
centers were randomly chosen in 54 test cases. Figure 10a shows that the DP approaches
significantly outperform the baseline approach. The performance gap increases as the number
of service centers increases. This is because the number of combinations for the cycle distance
computation increases as the number of service centers increases. DP 2-opt significantly
outperforms other approaches due to the reduced computational cost for the cycle distance.
Figure 10b shows that the DP approach performs exactly the same as the baseline approach.
We can see that DP 2-opt was faster than DP, albeit slightly lower performance in terms of
sum of cycle distances. As the number of service centers increases, the sum of cycle distance
decreases.
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(b) Comparison of Solution Quality.

Figure 10 Effect of number of service centers (n = 5, 000, k = 4).

6.2.3

Effect of Network Size

The third set of experiments evaluated the effect of the network size on algorithm performance.
We fixed the number of service types to 4 and the number of centers per type to 3. We increased
the number of nodes from 1, 000 to 10, 000. Service center locations were chosen randomly
and execution times were averaged over 30 test runs for each road network. Figure 11a
shows that the DP approaches significantly outperforms the baseline (BL) approach. This
is because the size of the Service Areas increases as the number of nodes increases. DP
2-opt outperforms others due to the reduction of computational cost for the cycle distance.
Figure 11b shows that BL and DP perform identical. DP 2-opt performs almost identically
to the optimal approaches. As the number of nodes increases, the sum of cycle distance
increases.

(a) Run Time Comparison

(b) Comparison of Solution Quality.

Figure 11 Effect of network size (k = 4, c = 3).
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6.2.4

Discussion

The proposed DP approach achieves a significant computation performance gain over the
optimal baseline approach. This improvement was obtained by using three key components:
1) Straight-Distance bounded Pruning (SDP), 2) Triangle-Distance Bounded Pruning (TDP),
and 3) 2-opt cycle route computation. The baseline approach computes the optimal cycle
distances using dynamic programming; However the computational cost of the baseline
approach is prohibitive on the large sized networks [12]. To remedy this issue, SDP creates a
Set Window (SW) and reduces the number of computations for the cycle distance by using
the bound constraints. TDP reduces the number of computations by identifying the anchor
nodes that violate the upper-bound constraint. The 2-opt cycle route computation further
reduces the computational cost by utilizing the Tabu-search method. The experimental
results shows that the proposed approaches significantly reduce the computational cost to
create a MRNVD. The source code is available on our research group website [3].

7

Case Study with Boca Raton road network

In our case study, we created a MRNVD that can identify a set of Service Areas (SAs) to
minimize the travel time for citizens to visit all required service centers. For transportation
network, we used a Boca Raton, FL road map consisting of 18, 679 nodes and 25, 835
edges (Figure 12a). We chose five different service types (i.e. grocery stores, gas stations,
pharmacies, healthcare facilities and law enforcement departments) and nine service centers
for each service type. Each circle symbol represents a different type of service centers
(Figure 12b). Figure 12c shows the MRNVD constructed thirteen Service Areas that can
minimize the total cycle distances. The sum of cycle distances using DP and DP 2-opt are
159, 872km and 160, 021km respectively. Our case study showed that the run-time of the
baseline approach took 4 hours to produce a MRNVD. DP took 6 minutes whereas DP 2-opt
took 1 minute. The solution of the DP approach is exactly the same as that produced by
the baseline approach.

(a) Boca City Road Network.

(b) Locations of Service Centers. (c) MRNVD with 13 Service Areas.

Figure 12 Case Study: Boca Raton, FL road map (Best in Colors).

8

Conclusion and Future work

We presented the problem of creating a Multiple Resource Network Voronoi Diagram
(MRNVD). An important societal application of MRNVD is promoting transportation
resiliency before or after a disaster. The MRNVD problem is challenging due to multiple
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different types of resources. General Network Voronoi Diagram uses the distance metric and
divides the region based on the closest service center. However, the distance for multiple
resources cannot utilize the absolute distance metric because it uses the cycle distance metric
for visiting all required service centers. In this paper, we introduced a novel Distance bounded
Pruning (DP) approach for creating a MRNVD that can minimize the total cycle distances
of graph-nodes to allotted k service center nodes. We presented experiments and case study
using a Boca Raton road map.
In future work, we plan to further explore new optimal pruning methods to reduce the
computational cost for creating a MRNVD. In addition, we will develop a parallel formulation
of the propose approaches to handle continental-sized transportation networks. We will
also investigate the effect of applying spatial filters on reducing the size of the network and
improving the performance of MRNVD. MRVND with Monte Carlo simulation may solve
the facility location problem. We will study new method that determines the near-optimal
positions of service facilities. Lastly, we plan to design new MRNVD problem that includes
the capacity constraint for each service center and the directional constraint based on directed
graphs.
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1

Introduction

The increasing location-based services (LBS) have generated large-scale individual-level
trajectory data (i.e., a sequence of locations with attributes) through mobile phones, wearable
sensors, GPS devices, and geotagged social media [19]. Such trajectory big data provide
new opportunities to study human mobility patterns and human-environment interactions
[11], disaster responses [12, 27] and public health issues [17, 25]. It also introduces grand
challenges regarding the protection of geoprivacy and broader behavioral, social, ethical, legal
and policy implications [14]. Generally speaking, trajectory privacy refers to an individual’s
rights to prevent the disclosure of individual trajectory identity and associated personal
sensitive locations [15, 2, 5].
Due to the data breach concerns and increasing public awareness of location privacy
protection, many approaches have been proposed to prevent users’ trajectories from being
identified. A common practice is to remove the identifiers (e.g., user name or ID number)
from the trajectory data. However, it turned out that such “de-identified” trajectories may
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still cause serious privacy threats since the spatial, temporal and thematic characteristics of
trajectories can still be used as strong quasi-identifiers for linking the trajectories to their
creators [2]. Another commonly used method is to aggregate trajectory points into geographic
or administrative units so that their original locations are not revealed. Nevertheless, recent
studies show that aggregation may fail to preserve user privacy and reduce the spatial
resolution and effectiveness of spatial analysis [3, 28, 5]. For example, De Montjoye et al.
[3] lower the resolution of a human mobility trace dataset through spatial and temporal
aggregation to prevent the individuals from being identified, but the coarsened dataset only
provides little anonymity. Thus, in order to achieve trajectory privacy protection more
efficiently, we need to deal with the spatial and temporal characteristics of trajectory data
more comprehensively.
Current trajectory privacy protection studies focus on two research streams. One is
the differential privacy approach to grouping and mixing the trajectories from different
users so that the identification of individual trajectory data is converted into a k-anonymity
problem [23, 31]. For example, the spatial cloaking approach mixes together the trajectory
points between k users using k-anonymous cloaked spatial regions, making these trajectories
k-anonymized [7]. Also, the mix-zones approach anonymizes the trajectory points in a
mix-zone using pseudonyms and breaks the linkage between the former segment and the
latter segment of the same trajectory that passes through a mix-zone [24]. Alternatively,
the generalization-based approach first divides the points of k trajectories into different
k-anonymized regions, and then reconstructs k new trajectories by uniformly selecting points
from each k-anonymized regions and linking them together [22].
Another research stream is called geomasking, which blurs the locations of original
trajectory data by utilizing perturbation on the spatial dimension so that the original
locations can be hidden or modified while spatial patterns may not be significantly affected
[9, 5]. For example, Armstrong et al. [1] explored the privacy preservation ability and spatial
analysis effectiveness of several types of geomasks. Kwan et al. [15] evaluated the spatial
analysis effectiveness of three different random perturbation geomasks on lung-cancer deaths.
Seidl et al. [26] applied grid masking and random perturbation on GPS trajectory data and
evaluated the privacy protection performance. Gao et al. [5] investigated the effectiveness
of random perturbation, gaussian perturbation, and aggregation on Twitter data as well as
explored the privacy, analytics, and uncertainty level of each method.
While these approaches all show the capabilities to protect trajectory privacy, they also
expose several limitations. First of all, despite the diversity, the goal of these approaches
largely is to obfuscate the trajectory locations and add more uncertainty to preserve privacy.
However, the trade-off between the effectiveness of trajectory privacy protection and the
utility for spatial and temporal analyses is still hard to control [18], and this issue has not been
fully discussed or evaluated. Besides, current studies mainly focus on the spatial dimension
of trajectory data whereas other semantics (e.g., temporal and thematic attributes) are
rarely considered. In fact, these characteristics have been proven to be crucial for trajectory
user identification [21]. Moreover, current approaches rely heavily on manually designed
procedures. Once the procedure is disclosed, one may have the chance to recover the original
trajectory data [28] (e.g., using reverse engineering). The “black-box” machine learning
models may help to solve this issue.
To this end, this research aims to explore the effectiveness of state-of-the-art deep learning
approaches for trajectory privacy protection. We propose a novel LSTM-TrajGAN model
that combines the Long Short-Term Memory (LSTM) recurrent neural network and the
Generative Adversarial Network (GAN) structure together to generate privacy-preserving
synthetic trajectories as alternatives to real trajectories for trajectory data sharing and
publication. Two research questions (RQ) will be investigated in this work.
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RQ 1: How effective is the proposed LSTM-TrajGAN model in protecting the trajectory
creators from being re-identified? (i.e., privacy protection effectiveness)
RQ 2: Can the synthetic trajectories preserve the semantic features (spatial-temporalthematic characteristics) compared to real trajectories? (i.e., utility)
The main contributions of our work are fourfold: (1) we propose an end-to-end deep
learning approach to generating privacy-preserving trajectory data. The procedure is simple
and highly secure (a GeoAI “black-box”); (2) we introduce a trajectory encoding model for
semantic trajectory encoding; (3) we design a new TrajLoss metric function to measure the
trajectory similarity losses for training deep learning models; and (4) we evaluate the privacy
protection effectiveness and the utility of the proposed model using real-world LBS data and
explore the trade-off between them.
The remainder of the paper is organized as follows. Section 2 introduces our methodological
framework, including a trajectory encoding model, the LSTM-TrajGAN model, and the
TrajLoss function design. In section 3, we train and test our model using a city-scale weekly
trajectory dataset and compare with other commonly used trajectory privacy protection
methods. Both privacy protection effectiveness and utility are evaluated and compared
with baseline approaches. In section 4, we discuss the factors affecting privacy protection
effectiveness, the trade-off between privacy protection and utility, and the limitations of our
model. Section 5 summarizes this research and outlines the future work.

2

Method

Inspired by the vision of the TrajGANs [18], we propose a new approach consisting of three
main components: (1) a Trajectory Encoding Model, which encodes GPS location coordinates,
temporal attributes, and other attributes such as point of interest (POI) category; (2) a
Trajectory Generator, which takes random noise and original trajectories as inputs to generate
synthetic trajectories as outputs; and (3) a Trajectory Discriminator, which takes trajectories
as inputs and determines them as “real” or “synthetic”.
The overall workflow is described in Figure 1. The goal is to train an “intelligent” trajectory
generator that generates “realistic” synthetic trajectories to replace the original trajectories,
which preserves differential privacy in trajectory analysis tasks such as Trajectory-User
Linking (TUL) and trajectory data mining (e.g., work/home location clustering). Meanwhile,
it ensures the quality of multiple spatial or temporal summary analysis tasks. Such a
framework can serve as a trajectory privacy protection layer in trajectory data acquisition,
processing, and publication pipelines, which publish the synthetic alternatives rather than
the real trajectory data that may disclose individual privacy.

Figure 1 The overall workflow of the proposed LSTM-TrajGAN approach.
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2.1

Trajectory Encoding

First, we introduce a trajectory encoding model that converts the original trajectory data
to a specific format that serves as the inputs for the LSTM-TrajGAN model. The main
reason for the encoding process is that the trajectory data usually contain various types
of attributes such as interval data (e.g., GPS coordinates, date and time), nominal data
(e.g., POI category), ordinal data (e.g., POI rating), and these data need to be converted
into valid numerical representations for training the deep learning model. Our trajectory
encoding model includes two parts: trajectory point encoding and trajectory padding.

Trajectory Point Encoding
The trajectory point encoding process is illustrated in Figure 2. A semantic trajectory point
contains the following attributes: location, time, user id, trajectory id, and other optional
attributes such as POI category. For the location attribute, we standardize all the latitudes
and longitudes using the centroid of all the trajectories in the dataset to obtain the deviations
of the latitudes and longitudes from the centroid. In this way, the model can better learn
the spatial deviation pattern between different trajectory points. These deviation values will
be used as the numerical representations of the trajectory points for constructing spatial
embeddings [20].
For the temporal attributes and categorical attributes, we use the one-hot encoders (i.e.,
a representation process using dummy variables in machine learning) to encode the attributes
into high-dimensional binary vectors based on their vocabulary sizes. For example, the
“Day” attribute is encoded into 7-dimensional binary vectors, and “Monday” is represented
as [1, 0, 0, 0, 0, 0, 0]. Likewise, the “Hour” attribute is encoded into 24-dimensional binary
vectors, and the “Category” attribute is encoded into 10-dimensional binary vectors. Note
that we don’t encode the User ID and the Trajectory ID since they are only used to indicate
the user and the trajectory that the point belongs to.

Figure 2 An example for the trajectory point encoding process.
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Trajectory Padding
After the trajectory point encoding process, all the spatial, temporal, and thematic attributes
of a trajectory are stored in a multidimensional matrix, whose first dimension indicates the
index for each trajectory. Since the length of each trajectory data (i.e., the number of the
trajectory points) is a variable, we then apply the trajectory padding technique to make
sure all the trajectories have the same length as the longest trajectory. Specifically, we
use zero pre-padding to pad empty trajectory points (i.e., the points whose attributes are
all set to zero) to each trajectory until all the trajectories reached the same length as the
longest trajectory in the dataset. The main reason is that the data with the same size can be
utilized for batch processing and training the deep learning model, which would speed up the
training process. During the model training and inference processes, these padded trajectory
points will be masked (i.e., cut) and they won’t actually influence the neural network weight
updates and the derived results.

2.2

LSTM-TrajGAN Model

Figure 3 describes the neural network structure of the LSTM-TrajGAN Model. The trajectory
generator captures the data distribution and pattern of the real trajectory data and generates
synthetic trajectory data based on their corresponding original trajectory data and random
noise. In addition, the trajectory discriminator distinguishes whether the trajectory samples
come from the training set (i.e., real trajectory data) or the trajectory generator (i.e., synthetic
trajectory data). The goal of the trajectory generator is to generate “high-quality” synthetic
trajectories that can “fool” the trajectory discriminator, which leads to a two-player minimax
game between them. The generated synthetic trajectories aim to be competent for spatial
and temporal summary analysis, while having some degree of uncertainty and randomness
to protect the user privacy in trajectory analysis tasks with privacy issues involved. This
idea is reflected in the design and optimization of the LSTM-TrajGAN model.

Figure 3 The neural network structure of the LSTM-TrajGAN Model.

Trajectory Generator
As is shown in Figure 3, the trajectory generator consists of five functional layers: the input
layer, the embedding layer, the feature fusion layer, the LSTM modeling layer, and the
regression/classification layer. The generator first takes the encoded real trajectories and
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random noise as inputs, and embeds trajectories using Multilayer Perceptrons (MLPs) [10].
For the spatial dimension of a trajectory (i.e., pairs of latitude and longitude deviations),
we embed each pair of them using a MLP to get 64-dimensional vectors. For the temporal
dimension (e.g., day and hour) and categorical attributes (e.g., POI category), we use MLPs
to embed them respectively and get fixed-length vectors based on their vocabulary sizes:
espatial
= φs (∆lati , ∆loni ; Wes )
i

(1)

eday
= φd (viday ; Wed )
i

(2)

ehour
= φh (vihour ; Weh )
i

(3)

ecategory
= φc (vicategory ; Wec )
i

(4)

Where ∆lati and ∆loni stand for the latitude and longitude deviation of the i-th trajectory
point; viday , vihour , and vicategory stand for the one-hot vectors for the day, hour, and category
attributes of the i-th trajectory point; φs , φd , φh , and φc stand for the MLPs with an
activation function – the Rectified Linear Unit (ReLU) for embedding the spatial, daily,
hourly, and categorical attributes; Wes , Wed , Weh , and Wec are the embedding weight
hour
matrices for these MLPs; espatial
, eday
, and ecategory
are the embedded vectors for
i
i , ei
i
each attribute respectively. Note that the embedding weight matrices are shared among all
trajectory points.
After the embedding process, we further concatenate all the vectors and the random
noise, and then use a dense layer to fuse them into 100-dimensional vectors. By leveraging
the feature fusion, we take the advantage of all the spatial, temporal, and categorical
characteristics of each trajectory point and fuse them together to support spatiotemporal
trajectory modeling and generation. In the LSTM modeling layer, we use a many-to-many
LSTM structure that takes a sequence with specific time steps as the input and generates
a sequence with the same time steps as the output. Recurrent models such as LSTM are
proven to be efficient in spatial-temporal sequence modeling and prediction [8, 21]. Given
the dimension of the fused feature, we assign 100 units in the LSTM model and feed the
fused features to the model:
H = LST M (F ; Wlstm )

(5)

Where F represents for the fused features of all the trajectory points in a trajectory (i.e.,
F = [f0 , f1 , ..., fmaxlength−1 ]), in which fi is the fused feature vector for the i-th trajectory
point; H is the output of the LSTM model, which has the same time step dimensions as the
input (i.e., H = [h0 , h1 , ..., hmaxlength−1 ], in which hi is the modeling output vector for fi );
Wlstm is the weight matrix of the LSTM model.
Finally, we decode the synthetic trajectory data from the output H of the LSTM modeling
layer. Each feature vector hi in H is a 100-dimensional vector containing the spatial, temporal,
and categorical characteristics of a synthetic trajectory point. To decode the latitude and
longitude deviations, we use a dense layer with two units and use the tanh hyperbolic tangent
function. In addition, we further stretch the output range to make sure its range covers all
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the possible deviation values. To decode the day, hour and category attributes, we use dense
layers that have as many units as the vocabulary sizes, and use the sof tmax normalized
exponential function to recover the one-hot representation of these attributes:
(∆lat0i , ∆lon0i ) = Ds (hi ; Wds )

(6)

vi0day = Dd (hi ; Wdd )

(7)

vi0hour = Dh (hi ; Wdh )

(8)

vi0category = Dc (hi ; Wdc )

(9)

Where ∆lat0i and ∆lon0i are the latitude and longitude deviations of the i-th synthetic
trajectory point; vi0day , vi0hour , and vi0category represent the one-hot vectors for the day, hour,
and category attributes of the i-th synthetic trajectory point; Ds , Dd , Dh , and Dc represent
the dense layers with a tanh or sof tmax function for decoding the location, day, hour, and
category attributes; Wds , Wdd , Wdh , and Wdc are the decoding weight matrices for these
dense layers; Note that the decoding weight matrices are shared among all trajectory points.

Trajectory Discriminator
As is shown in Figure 3, the trajectory discriminator has a very similar structure as the
trajectory generator. The major differences between them are:
(1) The discriminator only takes trajectory data as the input (no random noise needed);
(2) We use a many-to-one LSTM model that takes the features with time steps as the
input and make one scalar as the output:
h = LST M (F ; Wlstmd )

(10)

Where F represents for the fused features of all the trajectory points in a trajectory (i.e.,
F = [f0 , f1 , ..., fmaxlength−1 ]), in which fi is the fused feature vector for the i-th trajectory
point; Wlstmd is the weight matrix of the LSTM model; and h is the output scalar of the
LSTM model.
(3) We use a one-unit dense layer with the sigmoid activation function to make binary
classification (real or synthetic) on the scalar output:
Od = Dbc (h; Wbc )

(11)

Where Dbc is the one-unit dense layer with a sigmoid function used to make binary
classification, and Wbc is its weight matrix; Od is the final output of the discriminator.

2.3

TrajLoss for Measuring Trajectory Similarity Losses

The original GAN is designed to optimize the following objective function [6]:
O(D, G) = min max(Ex∼pdata (x) [logD(x)] + Ez∼pz (z) [log(1 − D(G(z)))])
G

D

(12)
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Where pdata (x) represents the distribution of the real data samples; pz (z) represents a prior
on noise variables; D(x) represents the probability that x came from pdata (x); G(z) represents
a mapping from pz (z) to pdata (x). The generator aims to minimize Ez∼pz (z) [log(1−D(G(z)))]
while the discriminator aims to maximize Ex∼pdata (x) [logD(x)] + Ez∼pz (z) [log(1 − D(G(z)))],
leading to a two-player minimax game.
According to the objective function O(D, G), the loss function for the discriminator can
be considered as a Binary Cross-Entropy (BCE) loss function (LBCE ), which will also be
used in training the generator. However, different from the original GAN, we need the real
trajectory data as inputs. Thus, we design a new loss metric function named TrajLoss to
further measure the similarity losses between the real trajectory data and the synthetic
trajectory data in spatial, temporal and categorical dimensions, and use this loss function to
train the generator. The TrajLoss is defined as follows:
T rajLoss(y r , y p , tr , ts ) = αLBCE (y r , y p ) + βLs (tr , ts ) + γLt (tr , ts ) + cLc (tr , ts )

(13)

Where y r and y p represent the ground truth label and the prediction result of the
trajectory by the discriminator, respectively; tr and ts represent the real trajectory and the
corresponding synthetic trajectory; LBCE is the original binary cross-entropy loss from the
discriminator; Ls , Lt , and Lc are the spatial similarity loss, temporal similarity loss, and the
categorical similarity loss between the real and synthetic trajectories, respectively; α, β, γ,
and c are the weights for these losses and can be assigned differently for different scenarios.
In this paper, we use the L2 loss (i.e., least square errors) for Ls as a recent study [8]
shows that the L2 loss is effective in measuring trajectory spatial similarity. Besides, we
choose the Softmax Cross-Entropy (SCE) as the loss function for Lt and Lc since they are
all regarded as multi-classification problems in this framework, and thus can be optimized
using SCE. During the model training, the weights of the generator will be updated by the
TrajLoss to improve the quality of the synthetic trajectory data.

3

Experiments

To address the abovementioned RQ1, this section first evaluates the effectiveness of trajectory
privacy protection using the proposed LSTM-TrajGAN model on a classic LBS task:
Trajectory-User Linking (TUL), which identifies users from trajectories and link trajectories
to them [4]. TUL is an essential task in geo-tagged social media applications and receives
increasing privacy concerns [4, 30, 21]. The evaluation can be regarded as an adversarial
experiment: we train the LSTM-TrajGAN model and use the generated synthetic trajectories
to suppress the accuracy of a state-of-the-art TUL algorithm. We also compare our approach
with the other two commonly used location privacy protection methods: Random Perturbation
and Gaussian Geomasking.
Meanwhile, to address the RQ2 for verifying the utility of the proposed model (i.e., the
usefulness of the synthetic trajectories in analysis), we also explore the spatial and temporal
characteristics of the synthetic trajectories to see if they preserve sufficient information from
the original trajectories to further support spatial and temporal analyses.

3.1

Trajectory-User Linking

Dataset
We use the Foursquare weekly trajectory dataset in New York City (NYC) provided by Petry
et al. [21], which is extracted from the Foursquare NYC check-ins dataset [29]. We only
keep the user ID, trajectory ID, location, hour, day, and category attributes and remove
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other attributes (e.g., price tier, rating, weather). The summary of the attributes is shown
in Table 1. There are 193 users, 3,079 trajectories and 66,962 trajectory points in total in
the dataset. We use 2/3 of the trajectories for training the LSTM-TrajGAN model and 1/3
for testing as suggested in [21].

Training and Evaluation
We train the LSTM-TrajGAN model on the training set for 2,000 epochs with several default
training hyperparameters (e.g., we use an adam optimizer with a learning rate of 0.001 and
set the batch size to 256). After the training process, the trajectory data from the test set as
well as random noise are then used as the input of the generator to get synthetic trajectory
data. A visualization example of a real trajectory from the test data and its corresponding
synthetic trajectory generated by our model is shown in Figure 4 as a comparison. Next, we
use the MARC (Multiple-Aspect tRajectory Classifier [21]), a start-of-the-art TUL algorithm,
to perform the TUL task on both the test data and our synthetic data. Same as [21], we
evaluate the TUL accuracy with five commonly used metrics: ACC@1 (Top-1 Accuracy,
showing the model’s ability to have the correct label to be the most probable label candidate),
ACC@5 (Top-5 Accuracy, showing the model’s ability to have the correct label among the
top 5 most probable label candidates), Macro-P (Macro Precision, the mean precision among
all classes), Macro-R (Macro Recall, the mean recall among all classes), and Macro-F1 (the
harmonic mean of Macro-P and Macro-R). For comparison, we also evaluate the privacy
protection effectiveness of Random Perturbation (spatial filter: within 1 km; temporal filter:
within 24 hours) and Gaussian Geomasking (spatial filter: standard deviation = 0.001;
temporal filter: within 24 hours).

Figure 4 The visualization example of a real trajectory from the test data and its corresponding
synthetic trajectory generated by our model.

The results are shown in Table 2. The higher the TUL accuracy, the worse the capability
for trajectory privacy protection. One can conclude that the synthetic data generated by
the LSTM-TrajGAN successfully suppress the scores in the four metrics (ACC@1, Macro-P,
Macro-R, and Macro-F) from over 0.900 to around 0.400. The Top-5 Accuracy is decreased
from over 0.976 to 0.722. The results show that our model can effectively prevent users
from being identified by analyzing the trajectories. Additionally, Random Perturbation has
limited effectiveness in protecting trajectory privacy regarding the TUL task, and Gaussian
Geomasking works better while still has higher scores than our model. The results also indicate
that leveraging both spatial and temporal dimensions of the trajectories simultaneously leads
to better privacy-preserving performance than using only the spatial dimension.
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Table 1 The summary of the Foursquare NYC weekly trajectory dataset.
Attribute
Trajectory ID
User ID

Type
integer
integer

Number / Range
3,079
193

Latitude

float

(40.550852, 40.988332)

Longitude
Hour
Day
Category

float
integer
string
string

(-74.269644, -73.685767)
24
7
10

Table 2 The privacy protection effectiveness of different privacy protection methods on the TUL
task (RP stands for Random Perturbation; Gaussian stands for Gaussian Geomasking).
Method
Original

ACC@1
0.938

ACC@5
0.976

Macro-F1
0.925

Macro-P
0.937

Macro-R
0.927

RP (Spatial Only)

0.777

0.934

0.758

0.806

0.764

RP (Spatial-Temporal)

0.668

0.888

0.640

0.711

0.654

Gaussian (Spatial Only)

0.561

0.832

0.522

0.573

0.537

Gaussian (Spatial-Temporal)
LSTM-TrajGAN

0.486
0.459

0.766
0.722

0.431
0.381

0.488
0.429

0.470
0.428

3.2

Synthetic Trajectory Characteristics Analysis

Here, we analyze the spatial and temporal characteristics and other properties of the synthetic
trajectories generated by the LSTM-TrajGAN to evaluate its utility (RQ2).

Spatial Characteristics
The spatial characteristics are explored based on two metrics: the Hausdorff Distance and the
Jaccard Index. The Hausdorff Distance is a metric for measuring the distance between two
point sets in a metric space and has been widely used for measuring the spatial dissimilarity
between two trajectories. The Jaccard Index, also known as the Intersection over Union,
is an efficient metric for measuring how much the two sample sets or regions overlap, and
we use this to indicate the similarity of the activity spaces between two trajectories [18].
We calculate the Hausdorff Distance between each pair of the original and the synthetic
trajectories. Likewise, we also calculate the Jaccard Index between the convex hulls of them
since the convex hull can generally represent the activity space of LBS users [16]. Table 3
presents the summary of these metrics.
It shows that Random Perturbation has the smallest average Hausdorff Distance (0.004)
and the largest average Jaccard Index (0.763), which makes sense since it only makes a limited
influence on the spatial dimension of the trajectories. While such a method could preserve
spatial similarity well, it sacrifices the location privacy. Our model performs better than
Gaussian Geomasking on these two metrics and also better suppresses the abovementioned
TUL metrics, which strikes a better balance between spatial similarity and location privacy.

Temporal Characteristics
We also explore the temporal characteristics based on the visualization of two summary
indicators: temporal visit probability distribution for each POI category, and overall temporal
visit frequency distribution. We count the frequencies of visits to each POI category at each

J. Rao, S. Gao, Y. Kang, and Q. Huang

12:11

Table 3 Spatial characteristics evaluation based on Hausdorff Distance and Jaccard Index (RP
stands for Random Perturbation; Gaussian stands for Gaussian Geomasking).

Method
RP
Gaussian
LSTM-TrajGAN

Hausdorff
Min
Max
0.001 0.006
0.001
0.034
0.001
0.046

Distance
Std
Mean
0.001 0.004
0.005
0.014
0.006
0.012

Min
0.000
0.000
0.000

Jaccard
Max
0.977
0.933
0.951

Index
Std
0.194
0.231
0.234

Mean
0.763
0.478
0.582

hour in original trajectories and the synthetic trajectories using three different approaches,
and convert them into probability distribution matrices (Figure 5), in which the temporal
patterns and the temporal similarity can be analyzed and compared.

Figure 5 The hourly temporal visit probability distribution for each POI category by (A)
Original data, (B) LSTM-TrajGAN, (C) Random Perturbation (within 24 hours), and (D) Gaussian
Geomasking (within 24 hours) data (F: Food; T: Travel & Transport; R: Residence; P: Professional
& Other Places; S: Shop & Service; O: Outdoors & Recreation; C: College & University; A: Arts &
Entertainment; N: Nightlife Spot; E: Event).

(a) Overall temporal visit frequency
distribution.

(b) Overall categorical visit frequency
distribution.

Figure 6 Overall temporal visit frequency distribution and overall categorical visit frequency
distribution (RP stands for Random Perturbation; Gaussian stands for Gaussian Geomasking).

It shows that the temporal visit probability distribution from LSTM-TrajGAN shares a
large commonality with that from the original data, which embodies a significant temporal
similarity. Some parts of the result by LSTM-TrajGAN (i.e., categories C and E) have
near zero visit probability since these categories rarely appear in training data and thus
the model doesn’t learn sufficient information to make intelligent predictions on them. As
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the comparisons, the temporal visit probability from Random Perturbation and Gaussian
Geomasking show neither temporal similarity with the original data nor significant temporal
patterns over 24 hours (except for the Event category).
Besides, we investigate the overall temporal and categorical visit frequency distribution
(Figure 6a and Figure 6b). The overall temporal visit frequency distribution from our model
can better fits the original data (Pearson Coefficient: 0.761) than Random Perturbation
(0.536) and Gaussian Geomasking (0.535). The overall categorical visit frequency distribution
also fits well (0.889). Hence, we conclude that our model generally well preserves both
temporal and categorical characteristics.

4

Discussion

This section discusses the factors that may affect the privacy protection effectiveness of the
LSTM-TrajGAN model, and the trade-off between the privacy protection effectiveness and
the utility. Finally, we discuss the limitations of our approach.

4.1

Factors Affecting Privacy Protection Effectiveness

Training and Optimization Settings
We first explore how the different learning rates, loss metric functions, and random noise
data affect the metric scores in the TUL task compared with the baseline setting (i.e., the
learning rate = 0.001; the spatial dimension = 64; and the TrajLoss metric function during
training). As shown in Table 4, different random noise data have small influences on the
metrics, which in fact contributes to the potential generalizability of the proposed approach
for generating privacy-preserving trajectory data. We also found that the selection of the
learning rate may have a great influence on the metrics. A higher learning rate (0.002) makes
the model converge faster, generating the synthetic trajectories that have less uncertainty
and share more characteristics with the original trajectories, leading to higher TUL metric
scores and vice versa. Although this is not always the case, the learning rate should be
carefully set to balance the trajectory utility and privacy protection effectiveness.
Table 4 The metrics in the TUL task based on the synthetic trajectories by LSTM-TrajGAN
using different training and optimization settings as well as different spatial embedding dimensions.
LSTM-TrajGAN
Baseline
Different Random Noise

ACC@1
0.459
0.466

ACC@5
0.722
0.741

Macro-F1
0.381
0.398

Macro-P
0.429
0.451

Macro-R
0.428
0.436

Higher Learning Rate (0.002)

0.841

0.959

0.824

0.855

0.828

Lower Learning Rate (0.00002)

0.055

0.157

0.029

0.047

0.054

Higher Spatial Dimensions (128)

0.510

0.811

0.504

0.513

0.513

Lower Spatial Dimensions (32)
TrajLoss without Spatial Loss
TrajLoss without Temporal Loss
TrajLoss without Categorical Loss
No TrajLoss

0.426
0.047
0.093
0.354
0.010

0.703
0.176
0.252
0.623
0.032

0.396
0.030
0.076
0.311
0.002

0.402
0.037
0.119
0.386
0.001

0.392
0.042
0.089
0.346
0.007

In addition, we also investigate how the TrajLoss metric function contributes to the
training. When removing the Spatial Loss or the Temporal Loss from the TrajLoss function,
the metric scores fall dramatically, implying that the synthetic trajectories fail to preserve
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the spatial or temporal characteristics of the original trajectories. By comparison, removing
the Categorical Loss only has a limited impact on the metric scores. Not surprisingly,
removing the whole TrajLoss function results in losing spatiotemporal characteristics and
thus getting the lowest TUL metric scores. We conclude that the spatial and the temporal
dimensions represent the essential characteristics of a trajectory and hence need to be taken
into consideration explicitly in the privacy protection approaches.

Spatial Embedding
Since the embedding of temporal attributes and categorical attributes is based on their
vocabulary sizes, we mainly discuss the spatial embedding. The commonly used methods
for spatial embedding are Multilayer Perceptron (MLP) and the Geohash algorithm. For
example, Gupta et al. [8] use a MLP to embed the location of each person to obtain a
fixed-length vector and use the vector as the input for an LSTM model to generate human
trajectory. Petry et al. [21] introduce a binary Geohash algorithm, in which they first use
the Geohash algorithm to divide the area into grid cells and then encode the latitude and
longitude as a character string, and finally convert the string into a binary fixed-length vector
as the representation for the spatial dimension of each trajectory point.
We use MLPs in the generator and the discriminator to embed the spatial dimension,
but we implement them in a different way. Instead of directly embedding the coordinates,
we first derive the deviations of latitudes and longitudes from the centroid of all trajectory
locations, and then we embed these deviations into 64-dimensional vectors using MLP. There
are two considerations: (1) On the one hand, unlike the trajectory classification task in [21],
our goal is to generate synthetic trajectories, which means we need to decode the coordinates
out from the hidden features in the model, and therefore using binary Geohash may lead to
difficulties in learning the valid representation of coordinates, in designing the proper spatial
loss, and in back-propagating the errors; and (2) On the other hand, unlike the restricted
prediction area described by a Cartesian coordinate system in [8], the prediction area in our
task is on the city scale, and the difference between two GPS coordinates only appears after
the decimal point. It would be a grand challenge for the model to learn and predict the
coordinates with only subtle changes. As such, we standardized the coordinates to make the
difference between two locations more significant for the model to learn. Recent studies also
indicate that scattering the locations based on deviations may help preserve privacy [5].
We also explore how the spatial embedding dimensions affect the metrics in the TUL
task. As is presented in Table 4, embedding the location information into a vector with
higher dimensions (e.g., 128) improves the TUL metric scores and vice versa. This makes
sense since vectors in a higher-dimensional space are usually able to extract and embed more
information than that in a lower-dimensional space. However, this also involves a trade-off
between location accuracy and computational effort due to the limitation of physical devices.

4.2

The Trade-off between Privacy Protection Effectiveness and Utility

Generally speaking, specific trajectory analysis tasks may rely on different types of trajectory
data (e.g., POI-based or road network-based) or different requirements (e.g., road extraction
requires the location of each trajectory point to be precise), making it challenging to design
a generic privacy protection method. However, we can evaluate a method by some specific
criteria to determine its application scenarios, and even design a method based on this
consideration to cover as many scenarios as possible. Inspired by the evaluation framework
that involves the privacy, analytics, and uncertainty [5], we investigate the relationship
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between privacy protection effectiveness and utility. Figure 7a demonstrates the performance
of each method. It is worth noting that the placement of each method is estimated from our
experiment. We believe that the consideration of this relationship would help choose and
design proper trajectory privacy protection methods for specific scenarios.

(a)

(b)

Figure 7 (a) The performance of each method in privacy protection effectiveness and utility; (b)
The trade-off between the effectiveness of privacy protection (presented by TUL Top-5 Accuracy) and
the preservation of spatial characteristics preservation (presented by Average Hausdorff Distance).

Sometimes the relationship between the privacy protection effectiveness and the utility
is somewhat contradictory: we hope that the synthetic data are less similar to the original
data to protect privacy while still preserving some similarities as good alternatives for
spatiotemporal modeling or analyses. This may result in a “catch-22 situation”. As an
end-to-end deep learning model, the LSTM-TrajGAN is able to monitor and quantify this
relationship during training and help to find the best-balanced parameter settings. For
example, as training progresses, the TUL accuracy (Top-5 Accuracy) increases while the
Average Hausdorff Distance decreases (Figure 7b). Carefully selecting the model weight
from different epochs based on this relationship could ensure that the synthetic trajectories
preserve spatiotemporal characteristics to some extent while maintaining a low TUL accuracy
as needed, thereby balancing the privacy protection effectiveness and the utility of synthetic
trajectories.

4.3

Limitations

Several limitations exist in our current approach. First, compared to traditional geomasking
techniques that blur the existing trajectories, our deep learning model that generates new
trajectories leads to a much higher computational effort and also needs an additional training
process before its deployment in applications. Second, we focus on the TUL task and analyzed
spatial and temporal characteristics of the synthetic trajectories, which reflects their potential
for privacy-preserving trajectory analysis, but more specific evaluations are not investigated
yet. Third, our model generates only the synthetic trajectories that have the same length as
the original trajectories. Finally, our model currently focuses on city-scale trajectories, and
the deviation-based location representation may not be suitable for global-scale trajectories.
These limitations will be further explored in our future work.
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Conclusion and Future Work

This research proposes a novel LSTM-TrajGAN approach, i.e., a deep learning model
that combines the LSTM recurrent neural network and the GAN structure to generate
privacy-preserving synthetic trajectories for trajectory data publication. We utilize the
idea of adversarial training in the model design, train our model on a Foursquare NYC
weekly trajectory dataset, and evaluate its privacy protection effectiveness in the TUL task.
Regarding the two research questions we posed at the beginning of this research, the results
show that (RQ1) our model can generate the spatial-temporal synthetic trajectories that
prevent the trajectory creators (i.e., users) from being re-identified to certain degree and
(RQ2) keep some spatial, temporal, and thematic characteristics of the original trajectories.
Additionally, the results show that the model has the potentials for supporting further
spatial or temporal analyses. Lastly, we explored the factors affecting the privacy protection
effectiveness and discussed the trade-off between model effectiveness and utility in general.
The design of a new loss function TrajLoss offers new insights into the development of
spatially explicit artificial intelligence techniques for advancing GeoAI [13].
Our future work will focus on improving the trajectory similarity loss metric function,
extending our framework to global-scale trajectory datasets, generating custom variablelength synthetic trajectory data, exploring potential privacy attack and defense strategies,
and evaluating the privacy protection effectiveness and utility of our model in other trajectory
data mining and analysis tasks.
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Given trajectory data with gaps, we investigate methods to identify possible rendezvous regions.
Societal applications include improving maritime safety and regulations. The challenges come
from two aspects. If trajectory data are not available around the rendezvous then either linear or
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1

Introduction

Given multiple trajectories which have gaps due to weak signals, instrument malfunction or
malicious interference we find possible times and places where moving objects (e.g. ships)
rendezvous or meetup. Figure 1 shows an example of the input and output. For simplicity,
we are using one-dimensional geographical space along with the dimension of time. Object 1

1

Corresponding author

© Arun Sharma, Xun Tang, Jayant Gupta, Majid Farhadloo, and Shashi Shekhar;
licensed under Creative Commons License CC-BY
11th International Conference on Geographic Information Science (GIScience 2021) – Part I.
Editors: Krzysztof Janowicz and Judith A. Verstegen; Article No. 13; pp. 13:1–13:16
Leibniz International Proceedings in Informatics
Schloss Dagstuhl – Leibniz-Zentrum für Informatik, Dagstuhl Publishing, Germany

13:2

Analyzing Trajectory Gaps for Possible Rendezvous

is shown in blue and Object 2 is shown in red. The gaps are shown in a dotted form and lie
between P3, P4 for blue and P4, P5 for red. Object 1 has a maximum speed of 1 and Object
2 has a maximum speed of 2. The output shows the candidate active volume (CAV) for each
object. A CAV is the region in a gap that represents all the possible locations of the object
during a missing time interval. The intersection of the two CAVs is the possible rendezvous
region termed as a spatio-temporal intersection (STI).

Figure 1 An illustration of rendezvous region detection (Best in color).

Analysis of gaps in trajectories has many societal applications related to maritime safety,
homeland security, epidemiology, and public safety. For example, maritime safety and
regulation enforcement are important for global security for concerns such as illegal oil
transfer and trans-shipments. Such activities can be restricted and managed by identifying
frequent missing signals from GPS trajectories of oil vessels with gaps. However, the
trajectories can be spread over a large geographical space and manual inspection for gaps
to detect rendezvous can be time intensive. Computational methods that detect possible
rendezvous regions can substantially reduce the preliminary work for human analysts.
The problem is computationally challenging because the gaps may cause traditional
trajectory mining approaches [27] to underperform or fail where they assume the availability
and preciseness of trajectories. A second challenge is that the data has a large volume
and is spread over considerable geographical space. For example, MarineCadastre [15] is
an automatic identification system (AIS) dataset that contains records for more than 30
attributes (e.g., location, draught) for 150,000 ships taken every minute during the years
2009 to 2017. Its total size is about 600 GB and covers all the waters around the US.
The literature on movement pattern analysis [2] and trajectory mining [27, 3] interpolates
gaps in trajectories without considering the full range of an object’s movement possibilities.
The approach provides an approximate solution and may miss possible rendezvous points.
Areal interpolation of the gaps has been done through various prism models (e.g., space-time
prism [16], kinetic prism [9]). Overlapping space-time prism for two or more objects can
be thought of as a potential rendezvous region, or meeting place for moving objects. It
may be computationally modeled as a spatio-temporal intersection of trajectories and can
alternatively be called a spatio-temporal co-occurence.
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In this paper, we study the computational cost of determining potential rendezvous
regions. The baseline method uses a plane sweep [18] technique to identify the potential
rendezvous regions. To improve the efficiency of plane sweep, we propose partitioning the
space into space-time grids. The grids are used to cover all the possible paths the object
can take. The grid overlapping two or more objects is a rendezvous region. The proposed
framework ensures completeness by finding all the possible rendezvous regions, and ensures
correctness because the rendezvous point is bound within the region. We further reduce
the geographical search space through time slicing techniques. We use plane-sweep as the
baseline to compare our results. Experimental results show that the proposed approach gives
tighter bounds. Further, results from time-slicing techniques improve as we increase the
time-slicing factor or use a finer time scale.
Contributions.
We formally define the problem of rendezvous region detection for spatio-temporal
trajectories with gaps.
We propose a space-time partitioning approach to detect rendezvous regions. The approach
is further refined to give more accurate approximation using time-slicing techniques.
We propose and use a new evaluation metric, area pruning effectiveness (APE), to compare
the methodologies.
We compare the proposed approach with the plane sweep based baseline on various
relevant evaluation parameters (e.g., study area) and metrics. Results (Section 4.2 show
that the proposed approach has better APE values.
We provide a case-study on ship trajectories from the Bering Sea to show the effectiveness
of the proposed approach on a real-world dataset. We find that the proposed approach
gives better results on the study area.
Scope. In this work, we do not study kinetic prisms [9]. Further, the proposed framework
has multiple phases and we limit this work to the filter phase. The refinement phase requires
input from a human analyst and is not addressed in this work. Furthermore, the calibration
of cost model parameters is outside the scope of this work. In addition, we do not model
rendezvous areas of trajectories without gaps which are involved in intersection. Finally, we
do not address the issue of positional accuracy while modeling the trajectories.
Organization. The paper is organized as follows: Section 2 introduces basic concepts and
the problem statement. Section 3 describes the proposed framework and approach used in
our work. Experiment design, results, and a brief discussion on the computation cost of
our approach are reported in Section 4. Section 5 reviews the related work (in more detail).
Finally, Section 6 concludes this work and briefly lists future work.

2
2.1

Basic Concepts and Problem Statement
Basic Concepts

This section reviews several key concepts in the rendezvous detection problem and presents
a formal problem formulation.
I Definition 1. A study area is a two-dimensional rectangular area where the input data
are located. It usually complies with the (latitude, longitude) coordinate system.
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I Definition 2. A spatial trajectory is a trace generated by a moving object in a geographic
space, that is usually interpreted as a series of chronologically sorted points, for instance,
p1 → p2 → ··· → pn , where each point (pi ) is associated with a geospatial coordinate set
(x, y) and a time stamp (t).
I Definition 3. An object maximum speed (Smax) is the maximum speed of an object
based on the domain knowledge.
For maritime data, Smax can be identified from publicly available vessel databases [15]. For
vehicles, humans, or animals, we can use the maximum physically allowed speed.
I Definition 4. An effective missing period (EMP) is a time period when the signal is
missing for longer than a user-specified EMP threshold (θe ) .
As shown in Figure 1 the EMPs for Object 1 and Object 2 is between timestamps 3 and 4,
Here, we assume θe = 2.
I Definition 5. A candidate active volume (CAV) is the spatio-temporal volume where
an object is possibly located during an EMP [4, 8, 11, 16, 17]. A CAV is based on a space
time prism using conical shape and is derived from an EMP.

2.2

Problem Formulation

The problem to identify optimized rendezvous patterns in a spatio-temporal domain is
formulated as follows:
Input:
1. A study area S,
2. A set of |N | trajectories T = t1 . . . t|N | , each associated with an object,
3. An object maximum speed (Smax ) for each object,
4. An effective missing period threshold (θe ).
Output: Approximate geometry intersection of two gaps.
Constraints: Minimal Filter Storage Cost.
Objective: Improve area pruning effectiveness (APE)
For example, Figure 1 illustrates the one-dimensional representation of two gaps involving
a spatiotemporal intersection given the study area (one-dimensional), two trajectories, two
object maximum speeds, and θe = 2. The output is the STI represented by the triangle
shown in the figure.
Area pruning effectiveness (APE) is the ratio of the total study area and minimum
bounded area inside the filtered region (i.e. approximate CAV).
area pruning ef f ectiveness (AP E) =

total study area
area bounded inside the region

(1)

If the value of AP E is higher, the solution quality is better since the minimum bounded area
enclosed within a CAV will be lower.

3

Approach

We begin with an overview of our framework. Then we describe the baseline algorithm (plane
sweep), a naive Spatio-temporal Grid Traversal (SGT), and the proposed Spatio-temporal
Grid Traversal algorithm with time slicing (SGT-TS) in detail with their corresponding
execution trace.
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Framework

Our aim is to identify possible rendezvous regions on a given set of trajectories through
a two-phase Filter and Refine approach. Figure 2 shows a representation of the proposed
framework. The framework includes three algorithms: a baseline plane sweep algorithm
[18], a naive spatio-temporal grid (SGT) algorithm, and a spatio-temporal grid algorithm
with time slicing (SGT-TS). Plane sweep [18] is a basic computational geometry concept for
finding intersections (e.g., line segments, polygons). We used the plane sweep algorithm to
extract a minimum orthogonal bounding region (MOBR). SGT partition the study area into
3-dimensional (3D) grid cells (x,y, and time), where we approximate two endpoints based on
the maximum speed for each trajectory, and in total four endpoints including the starting,
and ending points of a gap segment that illustrates a possible rendezvous region. SGT-TS
adds a time-slicing technique for selecting a more accurate region that helps reduce data
redundancy and storage cost. The output from the filter phase is given to the refinement
phase where we can find the exact geometry of the cone intersect using accurate modeling
of the space-time prism of each object. The exact geometry can then be used by human
analysts for ground truth verification via satellite imagery.

Figure 2 Framework for detecting possible rendezvous regions to reduce manual inspection by
analyst.

3.2

Baseline Algorithm

Gaps in a trajectory can be analyzed by computing the minimum orthogonal bounding region
(MOBR) over the set of gaps for an individual trajectory. We use the plane sweep algorithm
[18] for extracting MOBRs. It is a filter and refine approach [5] where the given study area is
projected into a lower-dimensional space. In the filtering phase, all gaps are sorted based on
x or y coordinates. Ordering on one dimension reduces the storage and I/O cost, and further
allows the computation of intersections in a single pass. In the refinement phase, the gaps
are extracted based on the start and end times of their respective effective missing periods
(EMPs). The segments are further approximated using MOBRs over each candidate active
volume (CAV). The following text describes the algorithm in detail.
Step 1: Sort the endpoints of all the effective missing periods (EMPs). First, we sort
the endpoints of all EMPs based on one of the coordinates. An endpoint is represented by
three coordinates, namely x, y, and time, and either x or y can be the sorting coordinate.
For consistency, we use x throughout this paper.
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Step 2: A plane orthogonal to the x-axis sweeps along the sorted EMPs. The second
step conducts the sweeping. Imagine there is a plane parallel to the y-t plane and orthogonal
to the x-axis sweeping from the low to the high end along x-axis. The sweeping plane stops
at both start and end points of each EMP. Note that “start” and “end” refer to the order
of sweeping, which is irrelevant to the temporal dimension. An Observed Object List is
maintained to store CAVs being currently crossed by the sweeping plane.
When stopping at the start of an EMP, the algorithm first determines if the gap is larger
than the given EMP threshold (θe ). If it is, a new CAV is constructed for that object along
with an approximate MOBR around the new CAV as discussed later in Section 3.3. The
CAV along with its MOBR is then saved inside the observed list and a check is done to see if
any other CAV inside the list is intersecting with the given CAV. If it is, a common MOBR
around the pair of intersecting CAVs is added to the observed list as well as the output.
The sufficient and necessary condition for the spatiotemporal intersection of two CAVs is
explained in 3.3. On the other hand, when stopping at the end of an EMP, the algorithm
removes all the STIs that involve the EMP from the list. Note that each of these CAVs has
different corresponding time periods indicating when the possible rendezvous may happen.
We introduce how to compute the time period in the following Section 3.3.

Figure 3 Plane sweep execution trace with a test case.

An execution trace of Plane Sweep. Figure 3 shows a dataset containing EMPs and their
corresponding CAVs from four objects. For illustration, we simplify the study area into
one-dimensional geographical space. A vertical line sweeps from left to right and stops at
the endpoints (from a to h) of each EMP. The table on the left shows the elements in the
observed object list after each stop. For example, when stopping at Line d (start of 4), the
algorithm determines whether the incoming EMP < 4 > intersects with any element in the
observed object list, namely < 1 >, < 2 >, and < 3 >. Hence, < 1, 4 >, < 2, 4 > and
< 3, 4 > are added to the observed list and the output list. When stopping at Line e (end of
1), the algorithm removes all the elements in the list involving EMP < 1 > which includes
< 1, 2 >, < 1, 3 >, and < 1, 4 >. The last stop is at Line h (end of 3). The Observed Object
List becomes empty and the final output STIs include: < 1, 2 >, < 1, 3 >, < 2, 3 >, < 2, 4 >,
< 3, 4 >, and < 1, 4 >.
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Constructing a Minimum Orthogonal Bounding Region and
Spatiotemporal Intersection

In section 3.2, we explained the intuition behind the baseline algorithm along with its
corresponding execution trace. Now we explain in more detail the creation of candidate
active volumes(CAVs) and new minimum orthogonal bounding regions (MOBRs). A loop
goes over all the EMPs with gaps and checks if the given EMP is greater than the missing
threshold. If it is, then a new CAV is constructed bounded by the coordinates attained
through maximum speed and a check is done to see if any other CAV in the observed list
intersects with the new given CAV. If it does, a new common MOBR is constructed around
the intersection of the two CAVs using their maximum and minimum coordinates. The
sufficient and necessary condition of whether two CAVs intersect is discussed later in this
section.

Figure 4 Cone Intersection of Effective Missing Period (EMPs).

As defined in Section 3.2, an effective missing period (EMP) is the intersection of two
cones (i.e., a bead) vertexed at the endpoints of a CAV [26]. Therefore, in order to construct
a new CAV during each iteration of this loop, we first need to determine the coordinates of
the end points attained via maximum speed along with their respective radius. As shown
in Figure 4, we first construct a CAV using maximum speed and radius where the radius
of each cone at time t is the product of the object max speed Smax and the time difference
EM P1
from the start point of the EMP. For example, the radius of the cone vertexed at PEnd
at
P1
P2
1
time t: rend = (tend − t) × Smax . Then, we find the end points by calculating the distance
covered at maximum speed from each start point to its respective end point. This operation
is done for both CAVs and creates a common MOBR using the extreme coordinates bounded
by each CAV.
To compute the intersection between two EMPs during each iteration of this loop, we
need to determine the intersections between four cones (i.e. two beads). We first check
whether two beads have an overlapping time range. If not, then the beads are guaranteed
to be not intersecting. Otherwise, the following geometric property is used to determine
the intersection. Figure 4 shows two beads generated from two EMPs. EM P1 starts at
EM P1
EM P1
EM P2
EM P2
Pstart
and ends at Pend
, while EM P2 starts at Pstart
and ends at Pend
. Each point is
EM P1
EM P1
EM P1 EM P1
represented by three coordinates. For example, start point Pstart = (xstart , ystart
, tstart )
EM P1
EM P1
is presented by two spatial coordinates xstart and ystart as well as the temporal coordinate
P1
tEM
start . The radius of each cone at time t is the product of the object max speed Smax and
the time difference from the start point of the EMP. For example, the radius of the cone
EM P1
EM P1
P1
1
vertexed at Pend
at time t: rend
= (tEM
− t) × Smax
. Now, we formulate the sufficient
end
and necessary condition for two beads intersect as follows:
rstart + rend ≤ dis(start, end),

(2)
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where index start = {startEM P1 , startEM P2 }, index end = {endEM P1 , endEM P2 }, and
disstart,end is the Euclidean distance between points Pstart and Pend . Appendex A includes
a detailed proof for Equation 2.

3.4

Spatio-temporal Grid Traversal Algorithm

Computing possible rendezvous regions is challenging due to the high computational cost
over a large set of trajectories as discussed in Section 1. The plane sweep algorithm provides
an axis parallel MOBR which reduces the search space for finding the possible rendezvous
regions for the refinement phase. However, this baseline approach proves to be inefficient
when pruning a set of gap pairs both having higher positional displacement and EMPs. This
may result in the construction of a common MOBR with size similar to the entire study area
even if the actual rendezvous region between the gap pairs is relatively small compared to
their respective MOBRs. Thus, we propose a spatio-temporal grid traversal algorithm (SGT)
that aims to identify possible rendezvous regions using location, time and maximum speed.
Spatio-temporal grid traversal (SGT) is based on the idea of a 3D filtering technique
by leveraging spatiotemporal properties and additional attributes of the space-time prism
model to get a better geometric approximation of a bounded region. SGT starts by creating
a spatiotemporal grid and applying the baseline approach for constructing CAVs of incoming
gaps followed by the a common minimum object bounded rectangle (MOBR). However, inside
each MOBR, we compute the linear bounds of the cones generated from the start and end
point of the individual gaps and determine which grid cells reside inside the linear bounds
of each CAV by checking each of the cell’s corner points. Then we check the common cells
residing in both CAVs. This operation is performed for every slice in the third dimension.
Algorithm 1 shows the pseudo-code for SGT.
Step 1: Create common minimum orthogonal bounding rectangles (MOBRs). First, we
create a spatio-temporal grid having the size of the given study area and a specified spatial
and temporal resolution. Then, we apply the plane sweep algorithm to get common MOBR
around gap pairs as described in Section 3.3 and save them in a common MOBR list.
Step 2: Create linear bounds within each common MOBR. For each common MOBR
inside the common MOBR list, we index its endpoints inside the spatio-temporal grid along
with the start and end points of the individual gaps to their respective nearest cell. Next
we derive CAV linear bounds from the start point and end point of each gap based on the
object’s maximum speed. The linear bounds can be defined as the geometric interpretation
of the slant height of the cone derived from the object’s maximum speed. The maximum
speed provides the slope i.e. the angle between the slant height and the time axis.
Step 3: Filter remaining grid cells qualified within CAVs. The filtering step linearly checks
whether each cell inside the MOBR resides in the given CAV linear bounds. The linear
bounds can be further divided into lower bounds and the upper bounds which can be derived
from the start and end points of the gap respectively using object’s maximum speed. In order
to satisfy this condition, at least one of the corner points should be positioned higher than
the lower bound but lower than the upper bound for each individual CAV. During filtering,
we further refine the intersection by concurrently checking if any of those cells reside in both
the CAVs. If they do, we filter out the remaining cells into the output list.
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Algorithm 1 Spatio-temporal Grid Traversal (SGT).
1: Spatial Resolution ← M
2: T emporal Resolution ← T
3: Create Spatiotemporal Grid
4: CM OBR list ← ∅
5: Output ← ∅
6: Apply Plane Sweep Algorithm for Commom MOBRs
7: CM OBR list ← Common M OBRs
8: for each: CM OBRi in CM OBR list do
9:
10:
11:
12:
13:
14:
15:
16:

Index CM OBRi over Spatial T emporal Grid
Calculate Linear Bounds of CAV s
for each: Celli inside Common M OBR do
if Celli resides in 
both CAV s then
Celli → Output
end if
end for
end for

Time Slicing. Time slicing is an intermediate filtering phase which bounds each cone slice
by a rectangle which is tighter than the corresponding slice of the space-time grid, thereby
achieving higher efficiency. Hence, increasing the number of slices greater than the spatial
resolution extent results in finer pruning that filters out any extra space between the CAV
bounds and MOBR. Algorithm 2 provides a modification of step 2 in Algorithm 1 where we
increase the temporal resolution greater than its respective spatial resolution.
Algorithm 2 Spatio-temporal Grid Traversal with Time Slicing (SGT-TS).
1: Spatial Resolution ← M
2: T emporalResolution ← t > T
3: Run Algorithm 1 (line: 3 to 16)

Execution trace of SGT and SGT-TS. Figure 5 shows the execution trace of Algorithms
1 and 2 over a 2D grid with 64 cells taking the x-axis as longitude (or latitude) and the y
axis as time. For a given pair of CAVs, we first create a common MOBR and approximate
its end points to their respective nearest cells. Figure 5(a) shows a 16x4 example grid with a
CAV surrounded by its MOBR approximated by a grid where each grid cell is marked in
yellow. During the filtering phase, SGT checks whether the corners of each cell qualify to be
included in the given CAV. Figure 5 (b) shows the resulting grid after filtering where cells
marked in red do not qualify and yellow cells represent the cells residing in the CAV. After
getting all the cells inside the MOBRs, we check whether each remaining cell (yellow) resides
in both the CAV pairs and output them as the final output. Figure 5 (c) shows the blue
cells which take part in the intersection of two CAVs. For SGT with time slicing, we increase
in temporal resolution providing a better filter as compared to the original SGT. Figure 5
(d) shows the final grid cells remaining in yellow and discarded cells in red. As compared to
SGT, SGT-TS gives more refined results since more extra space has been discarded. Figure 5
(e) shows a greater number of intersecting cells, represented in blue, and indicating a better
approximation of the intersection area.
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Figure 5 Execution Trace of SGT and SGT-ST.

4

Validation

In this section, we validated our approach using real world data in a case study as well as
experimentally by varying different parameters such as study area and number of objects.

4.1

Experiment Design

Dataset. The dataset used in the experiments was MarineCadastre [15] which contains
records of more than 30 attributes (e.g., Maritime Mobile Service Identity (MMSI), longitude,
latitude, speed over ground (SOG), course over ground (COG) etc.) for 150,000 objects
(i.e. ships) taken every minute from 2009 to 2017. The dataset is based on the WGS 1984
coordinates system with a geographical extent of 180W to 66W degrees in longitude and 90S
to 90N degrees in latitude covering waters around the US.
Experimental goal. The goal was to evaluate the performance of the proposed baseline,
SGT and SGT-TS under different parameters. Our research questions are as follows:
(1) How does the size of the study area affect the APE ? and (2) How does an increase in
the number of objects affect the APE on a given study area ?
Our evaluation metric was area pruning effectiveness (APE) which is the ratio of the total
study area and minimum bounded area inside the filtered region (i.e. approximate CAV) as
discussed in Section 2.2.
Computing Resources. All the experiments were conducted using Python and performed
on an Intel Core i5 2.5GHz CPU and 16GB memory.

4.2

Experimental Results

Effect of the size of study area. In this experiment, we tested three study area sizes:
2000km2 , 4000km2 and 8000km2 . The number of GPS points varied for each study area as
1.5×105 , 3×105 , and 6×105 . The density of GPS points remained consistent for the different
areas. The results in Figure 6a show that SGT and SGT-TS are always more accurate than
the baseline, especially as the study area increases. Figure 6b shows the APE values for
SGT-TS with increasing time-slicing factor. Again, the SGT-TS algorithm outperforms the
baseline with the APE improving as the time-slicing factor is increased.
Effect of the number of objects. In this experiment, we set the study area size to 8000km2
and varied the number of object pairs (i.e. ships) from 500 to 2, 000. We also varied the
number of GPS points respectively from 2.5 × 104 to 4.5 × 104 . This was realized by picking
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(b) Change in Time Slicing (8000 km2 ).

(d) Change in Time Slicing (300 obj.).

Figure 6 Effects on area pruning effectiveness (APE).

same study area from the original dataset for each varied number of object pairs resulting in
different density of GPS points. The results in Figure 6c show that the increase in average
pruning effectiveness (AP E) is significantly greater in SGT and SGT-TS as compared to
plane sweep for different number of objects. Figure 6d shows the further improvement of the
AP E as we increase the time-slicing factor.

4.3

Interpretation of Experimental Results

Scanning an entire study area can be exponentially expensive in terms of computational cost
and human effort. The filter phase provides approximate regions within a trajectory gap for
filtering possible rendezvous regions. However, the refinement phase can be expensive due to
uncertainty in modeling the exact geometry of cones. Exact geometry involves inclusion of
many real world physics based parameters (e.g. speed, acceleration) [9] which add complexity
due to the need to solve quadratic equations. Hence, our main intuition is to reduce the total
refinement cost in terms of computation of each cell per unit area by providing a tighter and
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more accurate filter in the filtering phase. Equation 3 shows the relationship of filter and
refinement in terms of computational cost.
Cf + Cr = Ct ,

(3)

where Cf is the cost of filtering, Cr is the cost of refinement and Ct is the total cost to
prune the given study area. The cost of refinement Cr decreases as we increase the filtering
efficiency which often requires high computational cost in terms of prepossessing, model
refinement, etc. However, if we are not considering any filtering then Cr will be equal to Ct .

4.4

Case Study on Real Automatic Identification System (AIS) data

We conducted a case study on data from MarineCadastre, a popular real world AIS dataset [15]
to find possible rendezvous regions using the algorithms proposed in the paper. The
approaches were applied on a study area ranging from 179.9W to 171W degrees in longitude
and from 50N to 58N degrees in latitude in the Bering Sea, shown in Figure 7 (a). The
dataset contained ~1.4 × 106 GPS readings from 72 ships that traveled during January, 2014.
The EMP threshold (θe ) was set to 30 minutes by which only the top 0.5% longest missing
periods were considered as EMPs. We focused on various different trajectories that formed
two STI clusters, one near Idak, and Atka Islands. These clusters accord with reports by the
Marine Traffic Agency [24] that near an island, AIS systems tend to switch back and forth
between terrestrial-AIS and satellite-AIS. Ships moving across the boundary of the effective
zone may put out weak and unstable signals. The STI clusters we identified, which are near
islands, likely represent such areas of weak signaling. Figure 7 (b) shows the zoomed in
region near Atka Island where we selected to study our case. Figure 7 (c) shows the voyage
of two vessels in that region categorized by a unique identifier (MMSI) each represented
by a unique color indicating the start and end points of the EMPs. Figure 7(d) shows the
output of the plane sweep algorithm, which construct a common MOBR around the CAV’s
(in green). Figure 7 (e) shows the common region (shown in red) after applying SGT and
SGT-TS inside the MOBR where both the CAVs intersect, providing a significantly smaller
region and better area effective pruning (APE) than the baseline approach.

5

Related Work and Limitations

Due to recent advancements in location-acquisition services, and mobile computing research,
an extensive amount of trajectory data is available which serve different research purposes such
as pattern recognition, anomaly detection, etc. The work in [27] provides a comprehensive
survey of trajectory data mining and also explores the connection between different research
topics and existing methodologies. Reconstruction techniques in [27] illustrate a variety of
frameworks for modeling uncertainty and noise in trajectory data. However, all the techniques
are based on assumptions related to linear interpolation or shortest path discovery. These
approaches are not designed to detect patterns when the trajectories of the moving objects
are missing (e.g., due to weak signaling) in which case the objects possibly move far from
the shortest path. Trajectory data mining has also motivated interdisciplinary research in
other fields such as geography and ecology. In [2], the authors provide a unified taxonomy
of moving objects concerning their movement patterns by classifying them into generic and
behavioral patterns, which encompass patterns such as co-locations, co-occurrence, etc.
Movement behavior patterns such as evasive patterns are used to detect potential anomalies. Analyzing maritime trajectory data with gaps is a particular case of an evasive pattern.
A recent survey, [21] provides a panorama of existing techniques to identify anomalous
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Figure 7 Spatio-temporal intersections detected in Bering Sea (best in color). The background
imagery is not taken at the same time when the vessels were traveling in January 2014.

patterns in maritime trajectories by classifying them as data-driven, signature-based, and
hybrid methods. Many frameworks [12, 1, 23, 13] have been proposed for analyzing evasive
patterns in maritime trajectories. For instance, the authors in [13] proposed a method for
determining if the vessel is anomalous by considering longitude, latitude, speed, and direction
for each trajectory point and providing a three-division distance that can detect anomalous
navigational behaviors. Stop and move [25] is an another conceptual model which analyzes
anomalous behavior based on DBSCAN [19], and speed and direction [22], when it comes
to ship trajectories data. These techniques do not apply to our work, which is focused on
interpreting gaps in trajectory data, rather than detecting anomalous behaviour.
More realistic solutions for modeling gaps in trajectory data are contextual models
such as space-time prisms [16, 6] that construct an areal interpolation of the gaps using
coordinates and maximum speed of the objects. More recently, the kinetic prism model [9]
provides a better estimation by considering other physical parameters such as uncertainty
and acceleration. However, applying these models can be computationally expensive. One
way to address the cost is through spatial indexing. Many spatial indexing techniques such
as 3D R-Trees [28] or many others as described in [28], [20], [14] could be used to index
trajectories efficiently. Other spatial indexing techniques, such as Hilbert Curve [20] have
also been used to provide a computational speedup. The literature related to space-time
prisms addresses computational speedup by using an alibi query for checking whether two
space-time prisms intersect theoretically [10] which have also been applied in road networks
[7]. In this work, we introduce the use of space-time prisms with grid-based indexing for
detecting possible rendezvous patterns over maritime trajectories.
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6

Conclusion and Future Work

In this paper, we introduced the problem of rendezvous detection in trajectory data with gaps.
We proposed a baseline algorithm based on a plane sweep approach which first sorts and does
a linear scan over a set of gaps and then provides a minimum orthogonal bounding region
around the gaps. We proposed a spatio-temporal grid traversal (SGT) that provides tighter
MOBRs, which in turn provides a more approximate shape of the candidate active volumes
(CAVs). We further add efficient pruning based on time-slicing (SGT-TS) by adding a finer
temporal resolution that gives a more accurate approximation bounded by the intersection
of two cones. The results show relatively better area density ratio in SGT with time slicing
(SGT-TS) as compared to SGT with significantly better AP E when compared to the baseline.
Future Work. We plan to further implement the refinement phase where we refine the
process of finding the exact geometry of spatiotemporal intersection since it is hard to find
the exact geometry of the cone intersect due to its complexity. Computing approximate
regions is very expensive in terms of time complexity and modeling them in regional space
is challenging. Hence, we plan to further address the computational cost for extracting
gaps and extend the proposed work in regional space as described in [10] [7]. We will also
study if there an empirical threshold or ratio beyond which the gap may be too large to be
meaningfully estimated via space-time prism. In addition, we will create synthetic dataset
and then remove data points to make the data coarse for evaluating precision and recall with
known rendezvous regions. Finally, we will analyze more interesting rendezvous patterns
which involve more than two objects where the intersection of multiple space-time prisms
takes place.
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A

Necessary and Sufficient Condition of Spatiotemporal Intersection

Lemma.

Two beads must be intersected if and only if

rstart + rend ≤ dis(start, end)

(4)

where index start = {startEM P1 , startEM P2 }, index end = {endEM P1 , endEM P2 }, and
disstart, end is the Euclidean distance between points Pstart and Pend .
Proof. For the necessary condition there must be at least one timestamp when the sections
of these two beads intersect i.e. if two beads have an overlapping time range, at least one-time
stamp (start-point or the end point) of one of the gap segments must be between the time
range of the other. To prove this, we take two data gaps, EM P1 and EM P2 having time
range (t1start , t1end ) and (t2start , t2end ) respectively and check if the difference between (t1start ,
t2end ) or (t1end , t2start ) ≥ 0. If true, then the two EMPs satisfy the necessary condition of a
two EMP intersect.
For the sufficient condition, if there is one timestamp that is between the overlap of the
time gaps, the two beads must intersect. In order to satisfy this condition, we use the radius
information of two cones from a different gap and check whether their respective radii will
overlap with each other. According to the condition whether two circles overlap, the sum of
their radii must be smaller than the distance between their respective centers. As stated
1
in Equation 4, the sum of the radius of the cone from start point rstart
of EM P1 and end
2
point rend of EM P2 must be less than the distance between their respective radii centers
1
2
dist(s, e). Using known t and Smax , when Smax
≥ Smax
, Equation 4 is further derived into:
t≥

1
2
ds,e + ts × Smax
+ te × Smax
→ where s = startEM P1 , e = startEM P2
1
2
Smax
+ Smax

(5)

t≥

2
1
− te × Smax
ds,e + ts × Smax
→ where s = startEM P1 , e = endEM P2
1
2
Smax
− Smax

(6)

t≤

1
2
− te × Smax
ds,e + ts × Smax
→ where s = endEM P1 , e = startEM P2
2
1
Smax
− Smax

(7)

t≤

2
1
− te × Smax
ds,e + ts × Smax
→ where s = endEM P1 , e = endEM P2
1
2
−Smax − Smax

(8)

1
2
In the case that Smax
< Smax
, the conditions are derived by swapping the variables.
If the conditions are all satisfied, we know these two EMPs intersect. In contrast, if any of
the conditions is not satisfied, the two EMPs do not intersect.
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1

Introduction

We are not alone in this world. This is not a new or surprising insight. However, if we look
at cognitively motivated path-search models published in the literature (e.g., [4, 6, 7, 16]),
there seems to be an underlying assumption that we are. They seem to take roads to be
empty. These models account for all kinds of aspects that may cause navigation to become
difficult, aiming for the least complex paths. But they ignore fellow travelers on the road.
They do not account for varying degrees of traffic and the complexity such traffic may add
to the navigation process – let alone the potentially significant increase in travel time.
Commercial navigation systems, which usually calculate the shortest or fastest route, do
account for traffic and the delays it may cause. They adapt suggested routes according to
changing situations on the road. Thus, they do not make the same “empty roads” assumption.
However, they might make other assumptions of “being alone.” Namely, they might ignore
that for some parts of the road network social conventions tell that they are not meant for
the general public to drive (or even walk) through even if there are no legal restrictions
preventing this [9]. Ignoring these social conventions is a deficit commercial systems share
with the research models.
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In this paper, we will explore the effects of these assumptions of “being alone.” That is,
we will analyze what effects taking into account traffic and social costs have on the computed
routes. In particular, we will test how the fastest and the least complex routes may change
under avoiding traffic in terms of their complexity and violation of said social costs. We will
also present results of a combined model, i.e., a model that accounts for complexity, traffic,
and social costs at the same time. Accordingly, this paper offers important insights into the
behavior of path search algorithms when optimizing for different aspects, and explores some
ways of mitigating unwanted effects.
In the next section, we discuss relevant related work. We will then introduce the different
path search models used in our analysis in Section 3. Methods and results of the analysis
are presented in Section 4 and discussed in Section 5. Section 6 concludes the paper with
suggesting some future work.

2

Related work: Cognitively motivated path search algorithms

Several different models have been proposed in the literature that adapt path search to factors
of human cognition, preferences, and environmental layout in order to reduce navigation
complexity. Roughly, these models can be divided into three categories: 1) choosing routes
that are easiest to describe; 2) integration of and routing along landmarks; 3) adaptation to
environmental structure.
The main focus of the first category is on simplifying the instructions needed to guide
a wayfinder from origin to destination. These models are inspired by the fact that people
often prefer to direct wayfinders along routes that are easy to describe instead of the shortest
ones [13, 20], aiming to simplify (or minimize) the amount of information these wayfinders
need to remember. For example, Duckham and Kulik [4] proposed the simplest paths
algorithm, which essentially implements Mark’s complexity model [13]. Mark’s model assigns
to each wayfinding action a number of required so-called slots to represent said action. Richter
and Duckham [16] then took this approach further by employing more realistic instruction
generation mechanisms – including references to landmarks and spatial chunking [10].
Models in the second category specifically focus on the integration of landmarks in
calculated paths. They aim to exploit the importance of landmarks for human navigation
in reducing wayfinding complexity. Richter and Klippel [17] proposed a methodology
for generating easier-to-remember wayfinding instructions. For a given route through an
environment, their method finds the minimal number of chunks, i.e., the minimal number of
instructions, required to fully describe the route. The chunking mechanisms heavily rely on
landmarks to anchor actions in space. Caduff and Timpf [1] introduced the landmark spider
approach, which calculates paths through a network using edge weights that account for the
presence of landmarks. Weights are computed based on the distance between landmark and
wayfinder, the direction between landmark and wayfinder, and the salience of the landmark
itself. As a consequence, the “shortest landmark spider” path, i.e., the one with the lowest
costs, is a path that passes many relevant landmarks.
The third category of models focuses on the complexity of the environment, in particular
the structure of decision points and the path network. Such models aim to avoid complex
parts of an environment, and also to avoid ambiguity resulting from its structure. For
example, Haque, Kulik and Klippel’s model [7] computes instruction equivalence for the
different turns at an intersection (e.g., two different turns may be both seen as “left”). In path
search, the model minimizes ambiguity (or unreliability). Richter [15] proposed a regionalized
path planning algorithm based on environmental structure and decision point complexity.
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This model computes a complexity measure for each node of the path network. Then nodes
are clustered into different regions based on complexity threshold values (a complex region
and an easy region in the simplest case). The model allows different cost functions for each
region, for example, shortest path for the easy region and simplest paths [4] for the complex
one. Manley, Orr and Cheng [12] proposed a hierarchical route choice model using heuristic
selection processes. Based on the idea of regionalized path planning [19], among others, the
model first determines which regions to travel through. In a second step, this gets refined to
major nodes to path through, and then which actual roads to take in the third step. The
different selection processes make use of “human” heuristics, such as minimization of angular
deviation.
As stated in the introduction, none of these approaches accounts for other people on the
road, i.e., traffic, nor for social costs, i.e., avoiding to route through areas that are residential
and not meant for higher traffic volumes. In an earlier study, Johnson et al. [9] found that
scenic routing and – to a lesser degree – safe routing, i.e., optimizing paths for scenic routes
or to avoid “unsafe” regions, leads to these routes becoming more complex, but also to
redirecting traffic into areas that are not supposed to take high traffic volume, for example,
parks or slower neighborhood roads. In a similar vein, in this paper we explore what it means
that we are not alone in the world for different path search optimization criteria, particularly
for fastest and least complex paths.

3

Path search models

In this section, we will present the different models that are used to calculate paths of varying
kind. Specifically, we present a model that accounts for different aspects of wayfinding
complexity (inspired by [6]). In addition, we present a model simulating different traffic
loads in a road network, thus, allowing for calculating the least-traffic path, and a model
that accounts for the previously discussed social costs of navigating urban environments.
These different models can then be integrated into a combined model that allows for flexibly
using just one, some, or all of these aspects (to varying degree) in computing the costs of
traversing a road network. They are all based on Dijkstra’s shortest path algorithm [3].
We are aware that some of these models use relatively simple heuristics. This is done
because we are interested in showing the principal effects of the various parameters, rather
than providing the most realistic modeling possible. Since all of the models, as well as the
combined model, are modular it would be straightforward to replace some of the aspects
with more complex models in the future.

3.1

Complexity model

In order to make paths as easy to follow or remember as possible, we need to know about the
complexity of a path’s components, particularly its decision points as here decisions about
how to continue need to be made. Following [6], there are three categories of complexity
factors (see Figure 1): 1) environmental complexity; 2) those related to how instructions are
provided; 3) factors inherent to the wayfinders. Some of these factors are assigned to the
decision points (nodes), some to the road segments (edges).

3.1.1

Environmental complexity

Already Lynch [11] considered environmental complexity, or legibility, an important factor
for the ease of navigating an environment. In his empirical studies, Weisman [18] found a
direct relationship between environmental legibility and wayfinding behavior. However, while
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Figure 1 Three different categories of wayfinding complexity factors: environmental complexity;
instruction complexity; factors inherent in the wayfinder.

environmental legibility is arguably the richest factor for environmental complexity, it is also
the most poorly understood [14]. In our model, we approximate this factor by using three
parameters based on [15] to capture environmental complexity:
Number of branches is the number of road segments that meet at a decision point, i.e., the
node degree in network terms. With an increasing number of branches it becomes more
likely that a wayfinder takes a wrong turn at a decision point. Node degree is inherent to
the nodes and, thus, a parameter assigned to the decision points.
Deviation from prototypical angles is the deviation of a turn from 45 and 90 degree turns.
Humans conceptualize turns usually as these prototypical angles. The larger the deviation
from these prototypes, the more difficult it may become to identify the correct turn. We
assign the mean deviation, i.e., the average over all turn angles between a decision point’s
branches, as a decision point parameter.
Road length is the length of a road segment originating at the decision point at hand.
With longer road segments, wayfinders travel further till the destination without the need
to make decisions (i.e., until the next decision point), compared to many short segments,
and consequently, the fewer chances they have to take a wrong turn. Length is inherent
to a road segment and, thus, stored with an edge.
These factors are calculated as in the following. The number of branches at a decision
point is simply the node degree of the corresponding node in the road network. The deviation
from prototypical angles is computed as the difference of the bearing between the decision
point at hand and the decision points at the other end of each branch:
bearing

= atan2(x, y)

x

=

cos(lat1 ) ∗ sin(lat2 ) − sin(lat1 ) ∗ cos(lat2 ) ∗ cos(lon2 − lon1 )

y

=

sin(lon2 − lon1 ) ∗ cos(lat2 )

with lat1 , long1 the latitude and longitude of the start node and lat2 , long2 the latitude and
longitude of the end node. Road length is the distance between the two nodes forming an
edge (branch). It is computed as the following:
x
y

sin2 ((lat2 − lat1 )/2) + cos(lat1 ) ∗ cos(lat2 ) ∗ sin2 ((long2 − long1 )/2)
√ √
= 2 ∗ atan2( x, 1 − x)

=

distance = radius ∗ y
where radius is earth’s radius (mean radius = 6,371km).
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Complexity related to instructions

Wayfinding instructions can be more or less helpful in finding the way, i.e., they may differ in
their understandability and interpretability. Our model utilizes three factors to compute this
complexity related to instructions: 1) instruction equivalence according to [7]; 2) the number
of items to remember according to [4, 13]; 3) the presence of relevant landmarks according
to [1].
Instruction equivalence means how many turns at a decision point can be described with
the same linguistic label. For example, in historic city centers with 6-way intersections,
the instruction “turn right” may apply to several turns; there may be several roads that
lead to the “right.” Instruction equivalence is calculated by checking the bearing of all
branches at a decision point for whether they are in the same quadrant of the bearing
coordinate system, which we take as being instruction equivalent. We use quadrants
instead of half-planes to allow for distinguishing different linguistic turn direction concepts
(e.g., “veer left” vs. “sharp left”). This parameter is assigned to the decision points.
Instruction complexity corresponds to the slot values as in [4]. These slot values reflect
the complexity of performing (correctly) different navigation maneuvers, such as going
straight (1 slot) vs. turning at a t-intersection (6 slots) vs. turning at a four-way (or more)
intersection (5 + node degree slots). We compute the average instruction complexity for
all possible turns at a decision point and assign this value to the corresponding node.
Landmark complexity is computed as a combination of the distance between landmark
and wayfinder, and the salience of the landmark itself (cf. [1]). All landmark objects in
a radius of 50 meters or half of the length of the longest road segment – whichever is
smaller – around a decision point are extracted. The distance to the decision point is
multiplied by the landmark’s salience value. The mean value for all landmarks is stored
as the landmark complexity with the decision point at hand. The smaller this value, the
more wayfinding is supported by landmarks at this decision point.

3.1.3

Wayfinder-related factors

Individual characteristics and differences among wayfinders is another important factor in
wayfinding [2]. This factor relates to an individual’s ability to, for example, stay oriented,
build up a mental representation of an environment, or to understand instructions. In our
model, we represent these individual differences with the Santa Barbara Sense of Direction
(SBSOD) scale [8]. This self-report measure reliably captures people’s spatial abilities. For
people with a lower score, wayfinding is more difficult and, thus, their ability to correctly
navigate complex decision points reduces. The SBSOD score is a number between 1 and 7,
where 7 indicates high spatial abilities. We normalize the score to lie between 0 and 1 and
take 1 − SBSOD as the complexity value, i.e., the higher somebody’s spatial abilities, the
less complex navigation is for them.

3.1.4

The final model

Table 1 provides a summary of the different parameters used in calculating the complexity of
decision points.
All of these parameters get normalized to values between 0 and 1 in their computation.
They are then combined in a weighted sum model as follows:
Cc =

we ∗ Complexitye + ww ∗ Complexityw + wi ∗ Complexityi
we + ww + wi
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Table 1 Parameters for computing decision point complexity.
Complexity factor
Environment

Instruction

Wayfinder

Parameters
Number of branches (node degree),
Deviation from prototypical angles,
Road length
Instruction equivalence,
Instruction complexity,
Landmark complexity
Santa Barbara Sense Of Direction

where we , ww , wi are the weights of the environmental complexity factor, wayfinder-related
factor, and factor related to instructions, respectively. The environmental complexity
Complexitye is computed as another weighted sum of its individual parameters:
Complexitye =

wnd ∗ nd + wdv ∗ dv + wl ∗ (1 − length)
wnd + wdv + wl

with nd being the node degree of the decision point at hand, dv the deviation from prototypical
angles, and length the normalized length of a branch; wnd , wdv , wl are the according weights.
The instruction complexity is computed accordingly:
Complexityi =

wie ∗ ie + wic ∗ ic + wlm ∗ lm
wie + wic + wlm

, with ie being the number of instruction equivalent turns, ic the complexity of describing
the turn to take, and lm the complexity of landmarks. Finally, in the current model
wayfinder-related factors are only the (normalized) SBSOD score, thus:
Complexityw = 1 − SBSOD

3.2

Social model

This model accounts for the social costs of traveling certain roads. Since it is difficult (if
not impossible) to know these costs for each and every place just based on road network
data, we use a simple heuristics. We employ road category as a stand-in for social costs, with
the higher the category the lower the social costs (see Table 2). For example, motorways as
the highest category would have a cost of 1, while residential roads would have significantly
higher costs – for example, when using parts of the OpenStreetMap (OSM) road hierarchy
as we do in our evaluation (see Section 4) these costs may be 6. The higher the costs of a
road, the less socially appropriate it is to use it. Thus, the social model aims at using higher
category roads since these roads have less social costs associated with them.

3.3

Traffic model

We use a simple heuristic algorithm to assign traffic load to the different roads in a road
network. We create a breadth-first search tree to traverse all the roads based on how they
connect. The root of the tree is selected randomly from the list of all decision points. At depth
zero (the root level) we randomly assign a number between 0 and 1, with 0 corresponding
to “no traffic” and 1 to “heavy traffic”. Values in the range of [0,0.3) correspond to slight
traffic, the range [0.3,0.7) to moderate traffic. Heavy traffic is defined by the range [0.7,1].
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We traverse the tree level by level, assigning to each edge the average traffic of the preceding
connected roads, plus a variation factor in the range [-0.4,0.4], which is randomly chosen.
The variation factor includes negative numbers because otherwise traffic load would only
ever increase for roads further down in the tree. Accordingly, we take the maximum of 0 and
the calculated traffic load as the actual value, to avoid negative numbers as traffic load. This
traffic load is then used as the costs for traversing an edge in “least traffic” path search.

3.4

Combined model

The models presented so far all account for different single factors important in navigation.
It seems reasonable to assume that they are independent from each other, thus, they can
all be combined using a weighted sum. This way, different factors can be assigned higher
weight, i.e., taken to be more important, but the default assumes equal weight, and hence
equal importance, of all factors. This results in the following costs for traversing an edge in
the combined model:
wc ∗ Cc + ws ∗ Cs + wt ∗ Ct
costs =
(1)
wc + ws + wt
with wc , ws , wt = 1 as a default. Here, wc , ws , wt are the different weights for complexity,
social costs, and traffic, respectively. Accordingly, the different C are the respective costs for
traversing an edge in the different models.

3.5

Fastest path model

The fastest path model computes the fastest path between some origin and destination, as
the name implies. To that end, it calculates the time it takes to traverse a road segment
based on its length and an assumed average speed, which depends on the road type. This
time is then the costs for an edge used in the “fastest path” search.

3.6

Shortest path model

In some of our experiments, we also use the shortest path (shortest distance) in the comparisons. This is simply computed using the standard Dijkstra algorithm [3].

4

Analysis

In this section, we detail the analysis of the effects of not “being alone” on the various path
search models. We first explain the methods employed in the analysis, and then present the
results.

4.1
4.1.1

Methods
Data

We extract road network data from OpenStreetMap1 (OSM). OSM data has three main
elements, namely nodes, ways and relations. To form a road network, we identify decision
points (intersections), which are those nodes shared by two or more ways elements [5].
Figure 2 shows decision points for a part of New York. The decision points correspond to
the nodes and the ways to the edges in the road network, resulting in a directed graph.
1

https://www.openstreetmap.org/
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Figure 2 Identified decision points as red circles for a part of New York, defined by the bounding
box (−74.00433, 40.72038, −73.99263, 40.72545).

For our analysis, we selected four different city environments: (parts of) New York,
Stockholm, London, and Paris. These cities have been chosen because they differ in their
structure, but also because they provide good OSM data quality. Whereas New York exhibits
a (well-known) grid structure, Stockholm is similar in the eastern part, but less structured
towards the west. The road network of Paris is almost radial with connecting roads forming
a “spider web”. Finally, London has several areas of local roads loosely connected via some
major roads. Figure 3 shows the road networks for the four cities. Here, width and color
of the edges represent the road type and traffic load, respectively. The wider an edge, the
higher the road type (i.e., residential roads are the thinnest). Slight, moderate, and heavy
traffic are shown as green, yellow, and red edges, respectively.

4.1.2

The implemented models

Section 3 presented the principal, generic models. For the analysis, they need to be implemented based on the available data. Thus, certain restrictions and simplifications may
be made, as well as specific parametrizations for some of the factors. For all models, all
parameter weights are set to 1, which makes them all equally important. At this point, we
do not have any indications otherwise, and we are interested in the models’ general behavior.
The implemented model for least complex paths does not account for wayfinder-related
factors, i.e., SBSOD scores. There are no actual wayfinders involved in the analysis, and as
said we are interested in general behavior. To account for landmarks in the model, we use
all OSM objects tagged as amenity as a stand-in2 . For reasons of simplicity, each landmark
has a salience of 1. We use OSM’s API to find all landmarks around a decision point using
the procedure explained in Section 3.
The social, traffic, and fastest path models refer to the OSM road type hierarchy, identified
via the highway tag of the different ways objects3 to distinguish road types. We use six types
of ways (see Table 2): motorway, trunk, primary, secondary, tertiary, and residential. The
higher the category (motorway being the highest), the more social it is to use this road (i.e.,
the lower the social costs), and the higher the average speed to traverse it.

2
3

https://wiki.openstreetmap.org/wiki/Category:Amenities
https://wiki.openstreetmap.org/wiki/Key:highway
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(b) Stockholm.

(c) London.

(d) Paris.

Figure 3 Road networks for the four different city areas used in the analysis. The width of an
edge represents the road type; the color the traffic load.

Table 2 The different road types used in the analysis, the average speed assigned to them, and
their social costs. “Road type” corresponds to OSM highway tag value.
Road Type
Motorway
Trunk
Primary, Secondary
Tertiary
Residential

Speed (km/h)
100
80
60
50
30

Social costs
1
2
3, 4
5
6
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4.1.3

Procedure

For each of the four different road networks (city environments), we randomly chose 100
origin / destination pairs, between which we compute the various different path types under
investigation. In other words, for each of the different path search models, we compute 100
paths in each of the four different environments. We perform three analysis steps:
1. We compare paths between five different models, namely the complexity model, the traffic
model, the social model, the combined model, and – in addition – the shortest path model.
Over all 100 different paths for each model, we average path length, paths’ complexity
value, paths’ traffic load and paths’ social costs.
2. We investigate the effects of accounting for traffic on the complexity and social costs
of the fastest paths. In order to add the effects of traffic to this model, we modify the
(assumed) average speed (see Table 2) along a road segment by a “traffic” factor. We
multiply this speed by 1, 0.75, and 0.4 for slight, moderate, and heavy traffic, respectively.
We average the paths’ complexity value and social costs over all 100 different paths.
3. We investigate the effects of accounting for traffic on the complexity and social costs of
the least complex paths. To add traffic as a factor to the least complex paths, we use
the combined model with according weight settings: wc = 1, wt = 0, ws = 0 for paths
without traffic; wc = 1, wt = 1, ws = 0 for those with traffic. Again, we average the paths’
complexity value and social costs over all 100 different paths.

4.2

Results

In the following, we present the results of the three analysis steps. These are then further
discussed in Section 5.

4.2.1

Effects of the different path search models

Table 3 and Figure 4 illustrate the effects the different path search models have on distance (a),
social costs (b), traffic (c), and complexity (d), for each of the four environments. In each
figure, the absolute lowest value is used as a reference value, set to 1, and all others are scaled
relative to this reference value. That is, a value of 1.5 would mean that the respective value is
50% higher than the reference value. This is done globally, i.e., across the four environments,
except for distance, where for each environment the respective average shortest path is used
as a reference value. This is done to more clearly show relative increase of path length when
accounting for other factors than distance.
We can see that the traffic model, which finds paths with the least traffic load, results in
potentially large detours compared to the shortest path, with the increase depending on the
environment (for London on average about 20% longer paths, for Paris more than 30%, for
New York more than 40%). The other three models (social, complexity, combined) only lead
to minor increases of path length (15% or less on average).
Figures 4b and 4c show the relation between social costs and traffic load for the paths
calculated by the different models. First, we can observe that there are differences in the
“baseline” between the different environments. For example, traffic load is approximately
five times higher in London compared to New York or Stockholm even in the optimal cases,
and the paths calculated with the social model have significantly lower social costs in Paris
compared to the most social paths in Stockholm. That is, again we see an impact of the
environment, but also of the distribution of traffic, on path search behavior. Further, the
traffic model results in the paths with the highest social costs (Figure 4b), whereas the social
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(b) Average social costs of the paths computed by
the different models.

(d) Average path complexity of the paths computed
by the different models.

Figure 4 Relative increase of the different factors under investigation depending on the applied
path search model, for the four different environments: (a) average distance, (b) average social
costs, (c) average traffic load, (d) average complexity. The different colors always represent the same
environment across the diagrams.

model results in paths with the most traffic load (Figure 4c). For all other models, there
seems to be a rather low increase in the social costs, however, (except for Stockholm) they
all suffer a rather drastic increase in traffic load, even if it is lower than for the social model.
In Figure 4d we can see that complexity also depends on the environment, i.e., the least
complex path in Stockholm is less complex on average than that in Paris, for example. These
differences are less pronounced than for the environments’ impact on the social and traffic
model, though. Generally, the differences in complexity across the different models are small.

4.2.2

Effects on fastest paths

Figure 5a shows the effects accounting for traffic has on the (average) social costs of the
fastest paths, whereas Figure 5b shows the same for the average complexity. Table 4 presents
the average and standard deviation values. Similar to the previous analysis step, we can
see that the social costs increase when accounting for traffic. In terms of path complexity,
there is hardly an observable difference of paths with or without traffic for Stockholm and
Paris. However, for New York and London complexity decreases slightly when avoiding
traffic. Thus, again, the structure of the environment has an impact on the results.
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Table 3 Average (Avg, and standard deviation; Std) path length (a), social costs (b), traffic load
(c), and complexity (d) of the different path search models for the four different environments, as
relative values (i.e., scaled to the lowest one).
(a) Path length.

Shortest
Traffic
Social
Complexity
Combined

New
Avg
1.0
1.406
1.074
1.131
1.114

York
Std
0.0
0.398
0.113
0.216
0.182

Stockholm
Avg
Std
1.0
0.0
1.123 0.151
1.059 0.098
1.068 0.106
1.061 0.096

London
Avg
Std
1.0
0.0
1.191 0.257
1.052 0.101
1.052 0.127
1.050 0.129

Paris
Avg
Std
1.0
0.0
1.324 0.416
1.032 0.079
1.03
0.092
1.035 0.090

New
Avg
1.392
1.948
1.203
1.342
1.380

York
Std
1.602
2.253
1.192
1.391
1.519

Stockholm
Avg
Std
1.567 1.687
1.587 1.712
1.426 1.380
1.481 1.499
1.443 1.412

London
Avg
Std
1.276 1.214
1.539 1.686
1.229 1.169
1.273 1.224
1.272
1.23

Paris
Avg
Std
1.042
1.04
1.432 1.866
1.0
1.0
1.026 1.035
1.031 1.037

York
Std
13.524
4.713
12.9
11.744
10.928

Stockholm
Avg
Std
1.133 1.134
1.0
1.178
1.097 1.065
1.137 1.058
1.106
1.0

London
Avg
Std
6.205 10.376
5.232
9.763
6.453
9.104
5.978 10.333
5.945 10.374

Paris
Avg
Std
4.583 12.047
3.008
8.839
4.648 11.325
4.163 11.259
4.068 11.394

Stockholm
Avg
Std
1.006 1.295
1.005 1.297
1.009 1.309
1.0
1.292
1.004
1.31

London
Avg
Std
1.06
1.122
1.051 1.129
1.066 1.165
1.051 1.167
1.051 1.179

Paris
Avg
Std
1.104 1.281
1.113 1.331
1.101 1.288
1.098 1.282
1.1
1.28

(b) Social costs.

Shortest
Traffic
Social
Complexity
Combined
(c) Traffic.

Shortest
Traffic
Social
Complexity
Combined

New
Avg
3.409
1.391
4.137
3.131
2.65

(d) Complexity.

Shortest
Traffic
Social
Complexity
Combined

4.2.3

New
Avg
1.026
1.036
1.02
1.009
1.021

York
Std
1.014
1.133
1.0
1.001
1.083

Effects on least complex paths

Figures 6a and 6b show the effects of accounting for traffic on average social costs and path
complexity, respectively, when computing paths using the least complex paths model (see
Table 5 for average and standard deviation values). Again, aiming to reduce traffic load
increases social costs. However, average path complexity essentially remains the same.
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(a) The effects of accounting for traffic on social
costs, for the four environments.

(b) The effects of accounting for traffic on path
complexity, for the four environments.

Figure 5 Effects of accounting for traffic on (a) social costs and (b) path complexity for the
fastest paths.

Table 4 Average and standard deviation of accounting for traffic on (a) social costs and (b) path
complexity for the fastest paths.
(a) Social costs.

Fastest Model (Without Traffic)
Fastest Model (With Traffic)

New York
Avg
Std
1.349 1.521
1.531 1.796

Stockholm
Avg
Std
1.499 1.353
1.5
1.347

London
Avg
Std
1.252 1.137
1.281 1.201

Paris
Avg
Std
1.0
1.0
1.056 1.009

Stockholm
Avg
Std
1.0
1.02
1.0
1.0

London
Avg
Std
1.052 1.101
1.04
1.081

Paris
Avg
Std
1.087 1.186
1.087 1.186

(b) Complexity.

Fastest Model (Without Traffic)
Fastest Model (With Traffic)

New York
Avg
Std
1.012 1.131
1.009 1.145

(a) Effects of accounting for traffic on social costs
for the least complex paths, for the four environments.

(b) Effects of accounting for traffic on path complexity for the least complex paths, for the four
environments.

Figure 6 Effects of accounting for traffic on (a) average social costs and (b) average path
complexity for the least complex paths, for the four environments.
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Table 5 Average and standard deviation of accounting for traffic on (a) social costs and (b) path
complexity for the least complex paths.
(a) Social costs.

Combined Model (Without Traffic)
Combined Model (With Traffic)

New York
Avg
Std
1.182 1.387
1.214 1.326

Stockholm
Avg Std
1.21 1.0
1.21 1.0

London
Avg
Std
1.0
1.489
1.013 1.496

Paris
Avg
Std
1.108 1.506
1.124 1.503

London
Avg
Std
1.047 1.104
1.051 1.138

Paris
Avg
Std
1.098 1.243
1.104
1.27

(b) Complexity.

Combined Model (Without Traffic)
Combined Model (With Traffic)

5

New York
Avg
Std
1.009 1.159
1.019 1.105

Stockholm
Avg
Std
1.0
1.0
1.002 1.003

Discussion

The results of our analysis show that accounting for traffic in path search has a clear negative
effect on social costs. In avoiding traffic, wayfinders may easily end up in small, residential
roads, thus, being redirected into areas that are not built for taking larger amounts of
traffic. In some ways, such a result was to be expected, and it confirms similar unwanted
consequences as discovered in [9]. This effect goes both ways, i.e., accounting for social costs
drastically increases average traffic load. On the other hand, all other tested models mostly
have only minor impact on social costs, i.e., seem to implicitly avoid these small, residential
roads. Such roads are often rather short and residential areas may involve many turns, thus,
navigating through them increases complexity (according to our model) and would often
not provide the most direct connection, i.e., increase distance traveled. But ignoring traffic
in computing paths may well mean that you end up being stuck in it. In other words, the
average traffic load for all other models is also significantly higher than that for the least
traffic model, even if this impact is smaller than for the social model. Thus, these results
clearly show that assuming to “being alone” is problematic for path search models.
Interestingly, accounting for traffic hardly seems to influence path complexity. In fact,
for the fastest path it decreases for some environments, which might be explained by some
“simpler”, but generally slower, roads becoming now faster to traverse due to lower traffic
load. Still, this result seems to contradict the findings in [9]. But they used other path search
criteria (scenic and safety) and also their path complexity measure is simpler than ours, only
using node degree and turn/no turn, which might explain some of these differences.
The combined model does not lead to much of an increase of either complexity or social
costs – at least for most environments. Only for New York the social costs increase from
about 1.2 to nearly 1.4. Traffic load does increase significantly, though (except for Stockholm).
But this increase is smaller than for any of the other models, so adding traffic as a parameter
into the combined model does have the wanted effect. Increasing the weight and, thus,
importance of this parameter would help to reduce the increase in traffic load further, though
likely with increased social costs as a consequence. It would take a careful calibration of
weights to find the ideal balance here, which would also depend on the context.
We observe a major impact of environmental structure on our results. And this impact is
amplified by the distribution of traffic. For example, in Stockholm heavy traffic is restricted
to the major roads to the west, thus, does not impact paths through the regular, grid-like
area to the east. On the other hand, in London all major roads that connect the somewhat
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dispersed local areas have heavy traffic load, which results in significantly higher traffic load
for all paths compared to, for example, Stockholm. And in Paris there is a relatively dense,
“spider-web”-like network of major roads interwoven with residential roads, which allows for
largely avoiding these small roads in optimizing for social costs, while there are significantly
fewer of these major roads in Stockholm, for example.
While our analysis provides some important insights into the effects of “not being alone”
it also has some limitations. Notably, the environments we used are fairly small. Larger
environments may amplify the differences between the different path search models, but
also the effects of traffic on the resulting paths. Further, the model for least complex paths
combines several parameters in an overall complexity measure. Arguably, all of them are
relevant for wayfinding complexity, but in their combination they may also mask each other to
some degree. Thus, a more systematic analysis of their individual impact may be interesting.

6

Conclusions and future work

In this paper, we analyse different path search models with respect to the fact that we are not
alone while navigating through road networks. “Not being alone” is an aspect that has been
neglected so far in most existing models. Overall, we find a significant effect of accounting
for traffic, in particular on social costs (and vice versa), however, interestingly, hardly any
changes of wayfinding complexity when accounting for either traffic or social costs.
Future work includes analysing further environments to gain more insights into the effects
of environmental structure, and in particular, using larger areas in this analysis. We also plan
to incorporate individual differences in the analysis, i.e., SBSOD scores but also preferences
for certain road types, to evaluate their effects on path search results, in particular complexity
and social costs. Finally, looking at real traffic patterns would be interesting to gain better
insights into the actual, real-world effects of this parameter.
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Abstract
Many websites nowadays incorporate geospatial data that users interact with, for example, to filter
search results or compare alternatives. These web-based geographic information systems (WebGIS)
pose new challenges for usability evaluations as both the interaction with classic interface elements
and with map-based visualizations have to be analyzed to understand user behavior. This paper
proposes a new scalable approach that applies visual analytics to logged interaction data with
WebGIS, which facilitates the interactive exploration and analysis of user behavior. In order to
evaluate our approach, we implemented it as a toolkit that can be easily integrated into existing
WebGIS. We then deployed the toolkit in a user study (N=60) with a realistic WebGIS and analyzed
users’ interaction in a second study with usability experts (N=7). Our results indicate that the
proposed approach is practically feasible, easy to integrate into existing systems, and facilitates
insights into the usability of WebGIS.
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1

Introduction

Geospatial data has become a critical backbone of many web services available today, such
as search engines, online booking sites, or open data portals [29]. Frequently, these sites need
to visualize geospatial data [11] and enable interaction with the visualizations. The resulting
web-based geographic information systems (WebGIS) have proliferated over the last decade
though they vary regarding their complexity and purpose – from simple map-visualizations of
search results to geographic information systems with extensive functionality (e.g., [4, 14, 25]).
The range of users is equally broad, from novices with little to no knowledge about geo-data
and geo-visualization to experts, who all expect good usability. This variety of applications
and target users for WebGIS gives rise to diverse and potentially conflicting requirements for
the UI [7, 26, 28]. Consequently, designing the user interface (UI) of a WebGIS can be quite
challenging and affect the overall usability of the website considerably [10, 21, 22].
One of the challenges in this context is the combination of map-based visualizations
with more traditional UI elements (such as menus, buttons, or sliders). Besides some basic
cartographic understanding, the former requires specific map actions (such as zooming,
panning or layer selection) while the latter provides access to map-related and other functionality. Treating map actions like any other functionality can potentially cause problems and
misunderstandings. For example, the actual scale and the visible layers of a map may have a
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significant impact on how successful users are when accessing a WebGIS and considerably
affect which UI elements users use in which order and how often. To better understand these
issues and to assess the usability of WebGIS, it is thus essential to evaluate them thoroughly.
However, many existing evaluation approaches do not explicitly consider interaction with the
geographic content [16], are lacking a visual representation for exploratory usage [4] or do
not handle large amounts of data from multiple user sessions [6, 20].
In this work, we hypothesize that usability evaluations of WebGIS could greatly benefit
from a holistic and scalable approach that is based on logging map interactions for visual
analysis by experts. To evaluate the approach, we implemented it as a prototypical toolkit
and integrated it into a realistic A/B testing scenario. We collected interaction data from 60
WebGIS users and conducted an expert study focused on analyzing and comparing usage
patterns in both scenarios, thus evaluating the usability of the WebGIS with our toolkit.
Unlike alternative methods, such as eye-tracking or screen recordings, our approach explicitly
considers map interactions, does not require additional hardware and can be deployed at a
large scale. It can thus complement traditional methods (such as questionnaires) through an
interactive and profound exploration of usability aspects.
We make two main contributions: (1) we propose a new approach for usability evaluation
of WebGIS by applying visual analytics for map interaction data from multiple user sessions
through a holistic toolkit with integration capabilities for existing applications; and (2) we
evaluate the proposed approach by integrating our toolkit into a realistic WebGIS to collect
the required data (N=60) and to then analyze it in an expert study (N=7). In addition,
we also present insights into the usability aspects of a geovisualization that we used in the
evaluation.
The remainder of this paper is structured as follows: First, we provide an overview
of work related to usability evaluation approaches for WebGIS, software instrumentation,
and visual analytics. Next, we introduce our approach and briefly discuss its prototypical
implementation. Section 4 lists our hypotheses and describes the two studies that we
conducted with regular users and experts in order to evaluate our approach. The penultimate
sections discuss the implications and limitations of the obtained results and our approach.
The paper concludes by summarizing our key findings and contributions.

2
2.1

Related Work
Usability Issues of WebGIS

Various use cases have demonstrated the needs for assessing the usability of WebGIS and
their tools. For instance, Lobo et al. [14] investigated different techniques for comparing
map layers. Their results showed that specific tools are inferior to others if users have to
identify missing or modified features. In a different user study for Ethermap [4], participants
were asked to map flooded areas collaboratively. Although only three out of 36 participants
did not map actively, the authors could not identify the underlying reasons for this behavior.
An analysis of these users’ interactions could yield exciting insights into the usability of the
WebGIS. May and Gamble [17] conducted three experiments for investigating the impact of
automatic map movements after users clicked a point on the map. Their analysis revealed
that the evaluation of map movement techniques also depends on the geospatial data that
might be outside the visible extent after panning or zooming the map. Frequently, evaluators
use a combination of automatic data collection approaches and traditional methods. Manson
et al. [16] asked two groups of participants to perform the same tasks in a WebGIS for
navigation. They logged mouse actions such as mouse-up time as well as the total number of
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mouse interactions and applied eye tracking to test the usability of map navigation schemes.
Although they collected information about map interactions, the state of the map (i.e., scale
and extent) was not captured. As a result, the data could only be used to reconstruct the
users’ behavior with traditional UI elements. Ingesand and Golay [8] applied a method
that is similar to the one proposed in this paper. In a remote evaluation, they collected
detailed interaction logs for measuring the performance of predefined tasks and involved user
satisfaction ratings. However, they focused on traditional usability metrics such as error rate
and task completion time but did not consider user strategies for map interactions.
A review of GIS usability evaluations that are available in the literature revealed that
most findings are related to issues with user guidance and tool usage (53.8% and 51.3% of all
reviewed studies) [30]. In contrast, identified issues that are related to the users’ strategies
were reported only in 15.4% of the reviewed studies. These differences could be related to the
choice of evaluation methods or data collection approaches. The combination of qualitative
knowledge from usability experts with quantitative data processing might facilitate a better
understanding of the underlying user strategies.

2.2

Instrumenting Software for User Testing

Instrumenting software for data collection facilitates the conduction of remote and asynchronous user studies. As a result, the conduction of usability evaluations requires less effort
for experimenters: Once developed, instrumented software can be mass deployed to collect
the required amount of data with little effort. Target users, as well as first-time users of
the software, are tested in their actual real-world environment. Usage data can be collected
and analyzed continuously even for longitudinal studies [12]. Subsequently, the datasets
may be used to compare changes in the UI or to evaluate the learnability and memorability
of users. Finally, instrumented software minimizes experimenter bias and novelty effects.
For example, Atterer and Schmidt [2] implemented a proxy for recording detailed usage
information. By intercepting requests and responses, they were able to perform usability
evaluations. However, graphic-intensive applications, such as web mapping services, pose
new problems: “[...] the central part of the user interface does not consist of GUI elements
which are given ID values by the application programmer, but of a number of anonymous
tiles which contain graphics”.
Our method extends a recent tool for visualizing WebGIS sessions to identify usability
issues via heatmaps and Sankey diagrams [31]. However, the approach presented in this paper
goes beyond standalone visualizations of user interactions. Instead, it explicitly addresses the
spatial aspects of map interactions by providing a GIS-like concept to explore and analyze
map interactions, thus, applying the concept of visual analytics.

2.3

Visual Analytics

Visual analytics aims to combine data processing and human domain knowledge in interactive
visualizations to generate new insights. Keim et al. [9] define visual analytics as an
“automated analysis technique with interactive visualizations for an effective understanding,
reasoning, and decision making on the basis of extensive and complex data sets.” A common
application of visual analytics is the analysis of movement data. For example, Rinzivillo
et al [23] developed a set of algorithms to cluster large number of trajectories and thus
facilitate visual exploration of movement patterns. However, applications of visual analytics
for evaluating UI interaction data are rare in the literature, especially for graphic-intensive
UIs such as WebGIS. For example, Mac Aoidh et al. [15] made use of visual analytics to
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analyze implicit interest indicators for spatial data by visualizing map interactions on top
of the actual UI to present their results. The scalability of their approach is limited as the
visualization of mouse movements is restricted to display and compare only three user sessions
at the same time. Coltekin et al. investigated the use of space-time cubes for exploring
eye-tracking recordings which allows users to discover movement patterns in a combined view
[13]. While their results show interesting opportunities for usability evaluations, the authors
state that many users stills struggle to understand and interact with complex 3D views.

3

Approach

The overall goal of our approach is to explicitly consider the state of the map and the
interactions of the user with it while assessing the usability of a WebGIS. The state of the
map can strongly affect the users’ interaction with a WebGIS. For example, the zoom level
of the map may require users to perform many zooming and panning interactions before they
can actually complete a task. Depending on their skill level, a disadvantageous zoom level
might even lead to errors or delays. Map designers can also realize the map content itself via
different geo-visualizations, which in turn may affect user interaction with a WebGIS and
thereby the overall usability. Even if the UI is the same, usability and user performance can
vary substantially depending on the map scale, region, or chosen geovisualization.
An approach that explicitly captures map-related aspects and interactions has the
potential to identify the issues mentioned above, and it thus could help to improve the UI of
future WebGIS. To achieve this goal, we combine tailored data collection and visualization
techniques in a prototypical toolkit for integration into existing WebGIS. In the following,
we provide an overview of our approach and its implementation as a toolkit.

3.1

Data collection

We instrument the code of the investigated WebGIS to log changes of the map’s state, such
as the current center. This procedure requires access to the source code of the application.
The integration of our data-collection component into the existing source code is simple
because most web mapping frameworks already provide access to the required events [24]
and thus result in minimal augmentation of the existing code. For our initial implementation
we logged zoom-in, zoom-out, pan, and select events from the augmented WebGIS. While
zooming and panning events represent traditional map interactions selection, in this case,
means marking a table entry, that corresponds to a features on the map, via a checkbox.
This shows that our tool is capable of logging map interactions as well as interactions with
traditional UI elements. Before the data-collection component sends the user interaction
data to a central database, it adds a timestamp and an anonymous session ID (randomly
generated) to the event.

3.2

Visual Analytics

The session-viewer component of our toolkit provides capabilities similar to a WebGIS as
recorded map interactions represent geospatial information themselves and can thus be
viewed and analyzed likewise. The collected data is visualized via three analysis layers on top
of a basemap and can be toggled on or off via a layer list control as well as spatially explored
by zooming or panning the map (Figure 1). As A/B testing is a standard method to compare
different scenarios with subtle differences in the UI, our toolkit contains separate map views
for each of the two scenarios and synchronizes their state. The interactions of an analyst
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with either of the two map views will be synchronized to the other view. Synchronization
includes panning and zooming interactions as well as the selection of visible layers and the
state of additional controls.
The analysis layers that are provided by our toolkit focus on different aspects of the
available map interaction data and allow individual interaction possibilities to filter or
highlight subsets of the data (Figure 1). For this purpose, we make use of traditional task
metrics (task time and interaction count) as well as additional data from questionnaires
(user experience ratings) and combine these with the spatial aspects of map interaction data
(center of current map extent). Further data sources can also be included, such as map entries
that were part of the original user task and might be used as a reference when analyzing
the data. Although other approaches, such as space-time cubes, are possible and should
also be considered, we believe that 2D analysis layers minimize visual cluttering, provide
well-known forms of interaction, and are thus more intuitive. Our pre-tests with a space-time
cube prototype did found that users struggled to compare the position of 3D tracks and
point clouds.

Single Metrics Layer. The locations of all map interactions are displayed as points on the
map and colored based on one of the metrics that can be selected from a menu. For the
evaluation of our toolkit we provided the zoom level, the user interaction count and seconds
since session start as well as the pragmatic, hedonic, and overall quality. In contrast to
previous visualizations of map interactions in the literature [15], this layer helps overcoming
visual cluttering by providing mechanisms to filter and manipulate the representation of the
data. First, the analyst can choose between two color themes (“High to Low” and “Above
and Below”) to highlight outliers or remove noise. Second, a color ramp also acts as a
slider for changing the color-stops of the visualization and allows the analyst to determine
thresholds to emphasize specific points.
The single metrics layer provides an overview of the spatial distribution of the users’ map
interactions. This aspect should reveal new insights compared to traditional metrics as the
density, the accumulation of clusters, and the detection of regions of interest may be used to
detect usability flaws. For example, analysts may identify spatial areas that are important
for the task at hand but are not visited by the users’ of the investigated WebGIS or only
with low zoom levels that cannot reveal much detail.

Relationship Layer. This analysis layer extends the single metrics layer by enabling the
combination of two metrics, and thus the investigation of correlations between them. The
rationale for this layer is based on the limitations of previous studies that struggled to identify
the relationship between usability metrics and user interactions. Using this layer, analysts
can combine one of the three traditional metrics (zoom level, interaction count, seconds since
session start) with one of the UX ratings (pragmatic, hedonic, overall) in our tool. The
session-viewer component of our toolkit automatically creates four categories based on the
analyst’s selection and applies them as a visual variable to the data points on the map. After
selecting a relationship, the widget in the lower-left corner changes to a legend that explains
the visual variable.
This relationship layer supports analysts in evaluating the impact of users’ map interactions on their experience. As a result, this layer might help answer questions such as:
“Where do users who rated the WebGIS as not pragmatic interact with the map initially
compared to users who rated the WebGIS as highly pragmatic?”
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Figure 1 Theses three screenshots of all three analysis layers (top/center/bottom) show the
data that was collected in our user study (N = 60). The Session-Viewer component of the toolkit
provides two synchronized map views for comparing datasets from A/B testing (left/right). Analysts
can choose between three map layers in the list that may expand and provide further controls.
Furthermore an additional widget for each map view is used to display a legend or manipulate
the parameters. The single metric analysis layer shows the location of map interactions and the
corresponding zoom level (top). Analysts can interact with the data by using the color slider and
histogram in the additional widget. The relationship layer visualizes the combination of two metrics
which can be selected by the analyst (center). The “Aggregated User-Trajectories” layer indicates
the users’ key movements and characteristic stops while navigating the original WebGIS (bottom).
The color variable is used to show whether the movement was a pan or zoom (in/out) action.
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Aggregated User Trajectories. This layer combines the users’ map interactions to actual
trajectories and aggregates these to avoid visual cluttering and allow the detection of key
movements. We adapted and extended the summarization algorithm by Andrienko et al.
[1] that has been initially developed for movement tracks, as the characteristics of map
interactions are similar to such real-world movements. First, the algorithm filters the dataset
based on characteristic points that fulfill specific criteria. These criteria are a minimal stop
duration and a distance tolerance. If the elapsed time between two subsequent points of
a trajectory exceeds the minimal stop duration and their distance is within the tolerance,
the first point represents a characteristic point in the dataset. The same procedure can be
applied to map interactions by considering the time between map interactions (minimal
stop duration) and the distance on the map between two subsequent map extents (distance
tolerance). Second, characteristic points are clustered to generalize single points to areas of
interest and aggregate the data. Again, this step is reasonable for the evaluated data type as
relevant entries on the map result in map interactions that set the current map extent to
locations that are close to those entries and thus represent areas of interest. Third and last,
the initial trajectories are filtered based on the generated clusters. The algorithm removes
every stop that is not inside an area of interest and, thereby, hides short and intermediate
stops while still considering the overall movement.
Our toolkit includes the adapted algorithm and extends the resulting key movements
with a color variable. To distinguish between zooming and panning interactions, we used
the zoom level of both points to calculate the zoom level ratio for the movement. Similar to
the single metrics analysis layer, the analyst can change the color of this variable by using a
slider with an adjacent histogram.
This visualization may help evaluators to understand the users’ approaches for the task
at hand, such as the general movement pattern in a user session. For example, if the task
requires users to visit multiple locations, the analysts can identify if there is potential to
improve the efficiency by optimizing movement patterns between these locations.

3.3

Implementation

The implemented toolkit consists of three components. The data-collection component is
implemented in JavaScript and must be imported and used in the targeted WebGIS. The
instrumentation requires access to and limited knowledge about the source code of the WebGIS.
However, the application programming interface of the data-collection component provides
only one method and is thus easy to use and understand. Next, the data-collection component
sends the captured interactions to a central database (second component). We used the
open-source database engine Elasticsearch 1 as it provides a schema-less index with endpoints
for posting and retrieving data. Consumers of the data-collection component can, therefore,
post custom data fields without adjusting the data model. These capabilities ensure that our
approach is customizable and facilitates the realization of further logging scenarios in the
future with little effort. Last, we used the ArcGIS API for JavaScript 2 to build a WebGIS-like
application (session-viewer component) for consuming, processing, and visualizing the data
from the database as it provides many built-in capabilities for interactive data visualizations.
The source code is publicly available and includes configuration instructions for use in
other scenarios3 . Comparable existing commercial solutions, like Maptiks4 , usually collect

1
2
3
4

https://www.elastic.co/elasticsearch/ accessed June 6th, 2020
https://developers.arcgis.com/javascript/ accessed June 6th, 2020
https://github.com/ReneU/session-viewer
https://maptiks.com/ accessed June 6th, 2020
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Figure 2 The first group was presented with
off-screen indicators that reveal map entries which
are not visible in the current viewport of the
screen. Our optimized visualization extends the
indicators with an alphabetical coding to simplify
the assignment of individual values from a table.

Figure 3 The second group was equipped
with a common geovisualization that display map
entries as simple dots on the map. The connection between map and table entries is not initially
available, and users must hover or select table
entries to mentally establish the connection.

aggregated statistics like the average task performance, number of activities, or conversion
rates. In contrast, our approach allows analysts to identify the underlying reasons for these
metrics by comparing users’ individual interactions on an interactive map.

4

Evaluation

In order to evaluate our approach and the prototypical toolkit, we conducted two user studies.
First, we instrumented a commercial WebGIS framework and captured map interactions
from two different geo-visualization approaches (A/B testing) for a localization task with the
data-collection component of our toolkit (user study). The UI for this task was minimal,
and the designed task primarily required users to perform map interactions. By choosing a
real-world WebGIS framework, we determined the feasibility of integrating our tool into an
existing and large code base. The tested geovisualization is an approach for supporting map
users in localizing map entries which are outside the currently visible extent. This scenario
has been chosen to evaluate changes in the UI that could impact the users’ map interactions.
In our second study (expert study), usability experts evaluated the resulting datasets of
the first study by using the session-viewer component of our toolkit. These experts were
given the task to compare both datasets, identify meaningful patterns, and evaluate the
usability after being introduced to the previous user study and our toolkit. We selected
experts with experience in the field of usability and visual analytics to validate the outcome
of our approach. For our studies, we formulated the following three hypotheses:
H0 Off-Screen Indicators increase the efficiency, effectiveness, and satisfaction of users.
H1 The identification of meaningful map interaction patterns via interactive visualizations
is effective and comfortable.
H2 The interpretation of map browsing observations can generate useful and deep usability
insights.
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User Study: Off-Screen Indicators

For our first study, two groups of participants worked on the same localization task. They
were asked to select hotels that are in a quiet location, close to a park and have a star
rating of at least four. The WebGIS displayed hotels on the map and attributes, such as
the hotel star rating, on a table below it. Participants had to use checkboxes in the table
rows to add or remove hotels from the set of selected results. We created this task layout
to force participants to make combined use of the map and the table. In total, 11 hotels
were available on the map and in the table (A-K), four of them fulfilled the criteria (B, F,
G, J). We chose the initial extent of the map view to show only a subset of all entries and,
thus, made participants interact with the map via pan or zoom actions. The first group
was presented with Off-Screen Indicators (OSI) [3]. OSI are a geovisualization type for
map entries and consist of triangles whose sides can be traced and extrapolated to locate
the off-screen object [5]. Due to the ability of the human brain to recognize shapes, users
can estimate where the legs intersect and thus track the relative position of all map entries
continuously as well as navigate precisely to the desired entry (Figure 2). Besides, the first
group used an alphabetical coding to support the assignment of map entries and table rows.
This coding was displayed as an attribute in the table and also next to the OSI on the map.
The second group used a geovisualization that is common for dynamic maps and highlights
map entries on the map with a symbol. These participants had to mentally match the tabular
representation of entries to the ones on the map (Figure 3). In a between-group user study,
we randomly assigned participants to one of the two groups.
We completed the implementation and testing of the instrumentation for the WebGIS
framework with our data-collection component within less than one day. In total, we added
less than 100 lines of code to the source files of the framework.
Participants. We opportunistically recruited 60 participants during a user conference of
the tested WebGIS framework to participate in our user study. The primary criteria for
participation in our study included basic knowledge and experience with WebGIS (i.e.,
participants were actual end-users). The resulting sample set of participants consisted of
regular users with high levels of motivation and user expertise. We considered the total
sample size of n = 60 sufficient for two different scenarios, based on recommendations
for usability testing [19] and regarding collecting enough data to warrant its non-trivial
inspection by usability experts.
Materials and Procedure. We conducted the study during the mentioned conference in a
quiet area at the conference venue. Our simple usability setup consisted of a laptop computer,
an external monitor, and a mouse that were used by the participants during testing. We
completed all sessions within two days, with our setup remaining in the same configuration
throughout this period.
Similar to the idea of a usability kiosk [18], we invited passers-by to participate in a
10-minute user study that investigated an experimental design for visualizing the relationship
between data in a table and on the map. Before starting with the study, participants were
also asked to read and sign an informed consent form about the anonymously collected data.
Participants sat down in front of our setup that guided them through the required steps
and automatically assigned them to one of our two groups. Next, participants were asked to
rate their experience with GIS on a Likert scale based on the following statement: I have
experience in working with GIS (1: strongly disagree, 5: strongly agree). After the actual
task the short version of the User-Experience-Questionnaire (UEQ-S) [27] was filled out by
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the participants. This questionnaire asks users to rate their experience based on eight pairs
of terms that can later be used to calculate the hedonic, pragmatic and overall quality of
the tested system (Likert Scale from 1 to 8). Participants could ask for clarification before
pressing a button to start. All participants were able to finish their session with a set of
selected hotels.

4.2

Expert Study: Session Viewer

In our second study, we validated the results of our approach by having actual usability
experts work with the session-viewer component. During this study, the synchronized map
views displayed the collected map interaction data of both groups from the previous user
study next to each other. We chose a minimal stop duration of 3 seconds and a distance
tolerance of 3 kilometers for the aggregation of user trajectories as these values represent
the average values for all map interactions. Experts described, compared, and interpreted
the data by using the provided analysis layers and reported their insights as well as their
evaluation of the toolkit. We also asked experts to rate the precision, efficiency, comfort, and
confidence of their results and the extraction process for each analysis layer. Last, we asked
them to choose their preferred visualization for evaluating the usability of the WebGIS.
Participants. We recruited seven usability experts via a regional user experience meetup
that aims to connect designers, developers, and researchers. Our criteria required participants
to be familiar with GIS software and have experience with usability evaluations of UIs. This
narrow definition of experts resulted in a small set of seven participants, though the size is still
sufficient based on recommendations for expert reviews [19]. All participants had experience
with conducting user studies, 63% had analyzed study results before, and 50% were familiar
with creating concepts for usability evaluations. The average age of our participants was
37 (σ = 5.83), the average experience with GIS 10.6 years (σ = 6.41), and the average
experience with usability evaluations 5.7 years (σ = 6.74). Participants reported using visual
analytics tools in their job, i.e. Google Analytics, The R project, SPSS, and the Microsoft
Suite. Independent of any specific tool, the selected experts reported an average of 5.5 years
(σ = 5.47) of experience with visual analytics tools.
Materials and Procedure. The setup for our expert study consisted of two monitors that
participants used to work with our session-viewer component and to write down comments.
After an informed consent form was signed, we gave participants a questionnaire to enter
demographic data as well as their experience with usability evaluations, GIS applications,
and visual analysis tools. Next, we introduced them to the previously conducted user study,
the concept of OSI, and provided an overview of the traditional task metrics of the user study
(see Result section). Finally, we introduced the experts to the session-viewer, the overall
concept of the synchronized map views and the individual analysis layers in detail by using
the same explanation for every participant. After this introduction, we asked participants
to describe the differences between both interaction datasets and possible reasons for the
underlying user behavior by using our tool and focusing on these three aspects:
1. Spatial distribution of map interactions (extent, density, clusters).
2. “Zoom behavior” of users (order, frequency, zoom level).
3. Relation between map interactions and user experience (spatial correlations).
These aspects were chosen to address the intended purposes of each analysis layer. We asked
participants to always prioritize correctness over speed in their answers and allowed them to
state additional observations and underlying reasons. Finally, they rated each analysis layer

R. Unrau and C. Kray

15:11

Table 1 Number of participants (n=60) that selected a hotel as fulfilling the defined criteria.
Bold columns represent hotels that actually fulfilled the criteria.

w/
w/o

A
3
0

B
20
14

C
2
0

D
1
4

E
4
3

F
24
25

G
26
21

H
2
0

I
11
19

J
26
25

K
12
10

on a Likert scale based on the following statement: Spatial visualizations of [analysis layer]
in the used tool allow me to make precise/efficient/comfortable/confident statements about
the usability (1: strongly disagree, 5: strongly agree). The average length of the expert study
sessions was 72 minutes (σ = 15.17).

4.3

Results

Task Metrics and User Experience. For the preceding data collection phase, 60 conference
attendees (44 male, 16 female) participated in our study. The mean age of these users was
38.3 (σ = 10.13), and their self-rated GIS experience on the Likert scale was 4.6 (σ = 0.95,
scale: 1 to 5). The 30 participants who were working on the tasks with OSI (M = 123.5
seconds, SD = 48.6) compared to the 30 participants without OSI (M = 125.9, SD = 71.8)
did not demonstrate significantly better task completion times (t(55) = 0.147, p = .8836).
About 67% of users in the scenario with OSI selected all hotels that fulfilled the required
criteria (Table 1). In the scenario without OSI, the success rate was substantially lower at
47%.
Based on the user experience ratings from our questionnaire, we calculated the pragmatic,
hedonic, and overall quality for both scenarios. The results are mapped to ranges with
a scale between -3 (horribly bad) and +3 (extremely good). There was no significant
difference in the overall scores between with OSI (µ = 0.738; σ = 1.032) and without OSI
(µ = 0.383; σ = 0.879) conditions (t(58) = 1.432, p = 0.157). Although the pragmatic value
in the condition with OSI represented a positive evaluation (µ = 0.925; σ = 1.251), according
to Schrepp et al. [27] the difference to the group without OSI (µ = 0.558; σ = 1.15) was not
significant (t(58) = 1.182, p = 0.242). Finally, there was also no significant difference in the
hedonic scores between with OSI (µ = 0.550; σ = 1.21) and without OSI (µ = 0.208; σ = 0.933)
conditions (t(58) = 1.225, p = 0.226).
In summary, the task was finished with comparable mean completion times (efficiency) by
all groups (contrary to our initial hypothesis H0). The results from the UEQ-S did not lead
to a significant higher user experience (satisfaction). However, the success rate (effectiveness)
for the scenario with OSI was 20% higher than in the scenario without OSI.
Expert Observations and Evaluations. In our subsequent expert study, experts stated that
the toolkit helped them to understand that many of the users’ map interactions formed
clusters around the hotel locations in both scenarios (e.g., Expert 1 and 4). It was clear to
the experts that the underlying reason was the users’ aim to check the surroundings for the
required criteria (E4). However, four out of our seven experts (E2, E3, E6, E7) reported
more dense clusters of map interactions in the scenario without OSI (Figure 1). Experts also
made use of the capabilities of the single metric layer to gain deeper insights into the users’
intentions. For example, the experts reported that the clustered map interactions of the group
without OSI occurred on a higher zoom level (i.e., revealed more map details) compared
to the remaining map interactions of the same group (E2, E3, E6, E7). In contrast, they
said that map interactions of users in the group with OSI generally preferred panning over
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zooming (“constant zoom levels”) on high zoom levels (“worked more focused”), independent
of the proximity to hotels (E2, E4, E5, E6, E7). Thus many experts concluded that their
map interactions were less clustered and more evenly distributed in the study area (E2, E3,
E4, E5, E6, E7). The majority of experts (four out of seven) stated that this difference
was caused by the OSI, as users in the group without OSI have to zoom out once in a
while to get an overview of remaining hotels, whereas users in the group with OSI already
know the location of the next hotel whose surroundings they want to check (E2, E4, E6,
E7). As a result, E2 reported that working with higher zoom levels requires more panning
interactions as the distance traveled on the map is smaller for each interaction. The same
expert stated that these differences in the users’ map interactions have proven that they
adapt their approach based on the given geovisualization although they might require some
time to learn the new concept. By investigating the user interaction count and the time
spent since session start, E1 and E5 detected that users in the scenario with OSI spent more
time and performed more interactions close to the initial extent of the session. E2 elaborated
on this insight and concluded that while most users with OSI were able to complete the task
faster, some users of this group required notable more time because of the learning phase
that the expert identified with our visual analytics component.
Usability experts found several correlations between traditional metrics and the users’
experience ratings by using the relationship layer. For both scenarios, high overall quality
ratings correlated with low zoom levels (E1, E7). The same experts detected that users with
OSI often gave low UX ratings if they had to zoom at the hotels while the UX ratings of users
without OSI were generally higher around hotels even if they had to zoom in. These experts
thus concluded that the OSI generally allowed users to work more efficiently by performing
fewer zoom interactions although hotels which required them to zoom in possibly reduced
their performance and thus harmed their experience. However, besides this hypothesis, the
insights from the relationship layer were few and three of our seven usability experts stated
that they could not detect any meaningful patterns.
The aggregated user trajectories layer allowed experts to detect additional differences
in the users’ behavior and suggest usability improvements. Looking at the network of key
movements of the group that made use of OSI, our experts identified areas that contain
potential hotels but no interactions of these users. Some experts thus concluded that these
users were able to exclude hotels from their search without having to navigate to their
location in the first place, by using the alphabetical coding (E1, E2, E4, E5, E6). Besides,
the alphabetical coding also helped users to advance more efficiently from the initial extent
to the surrounding hotels (E1).
All experts were able to retrieve insights from our session-viewer component and the
included analysis layers. E1 stated that “the display and synchronization of the two map
views is the ideal solution for comparing A/B testing results for WebGIS”. Most experts
preferred to work with the single metrics analysis layer as it “was easy to use and returned
the most insights” (E1). The visualization of relationships between traditional task metrics
and UX ratings achieved the lowest scores (Table 2) as it was “unfamiliar, complex and
overwhelming” (E3) while the expert scores of the aggregated user trajectories were similar
to those of the single task metrics layer. Three experts understood the trajectories as
complementing these metrics by providing a summarized view with fewer details (clustered
map interactions) but more context information (movements and change of zoom level). The
recruited experts also mentioned that they would like to spend more time with the tool and
could think of using it for other scenarios (E2, E4).
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Table 2 Average expert ratings for analysis layers (scale: 1 to 5).

Precision
Efficiency
Comfort
Confidence

5

Single Metric
3.58
2.58
3.86
3.58

Relationship
2.72
2.58
2.72
2.58

Trajectory
3.5
3.5
4
3.67

Discussion

Prior studies on mobile devices revealed that OSI result in faster task completion times and
more accurate scores for localization tasks compared to arrow-based or “Halo” interfaces [3, 5].
In contrast, we could not identify significant improvements of the efficiency or satisfaction for
users of OSI, which are extended with an alphabetical coding in our desktop scenario (H0).
The visual analysis of map interactions showed that WebGIS users navigate more efficiently
as they do not have to zoom out to locate map entries and can omit uninteresting entries
earlier. Therefore, we expect improved efficiency over more extended periods if OSI are
applied. Besides, the gained insights could result in concrete steps for improving the usability
of the evaluated WebGIS. For example, the analysis of the spatial distribution showed that
many map interactions are clustered around map entries that were relevant for the task.
Further iterations of the adapted geovisualization could include “shortcuts” that allow users
to click on indicators to zoom in to the corresponding map entries and thus improve the
efficiency. The analysis of the spatial aspects of map interaction patterns shows that our
results go beyond traditional metrics and yield deeper insights.
In terms of visualization design, expert ratings (Table 2) show that our choices were
successful in providing representations and interaction modes that allow experts to effectively
and comfortably identify meaningful map interaction patterns from the given data (H1).
However, the insights from the relationship layer were few, the expert ratings for this
layer low and three of our seven usability experts stated that they could not detect any
meaningful patterns. These ratings could be due to the population that we assessed, with no
previous familiarity and only small training with our toolkit, which may have constrained
the understanding of this particular visualization. Nevertheless, we are confident that this
aspect does not affect the validity of the evaluation. One evidence for this is that experts
generated confident and specific usability insights (Table 2, H3).
The expert ratings as well as the provided feedback also showed that the discovery of
usability insights benefits from the application of visual analytics. In open comments, several
experts reported that they would like to apply the tool in their role for analyzing results
from usability studies because of, for example, the immersive experience, easy and interactive
manipulation of analysis parameter as well as the immediate and visual feedback. We thus
conclude that our approach has the potential to help gaining deeper insights into the usability
of WebGIS in real-world scenarios. However, additional data is required to confirm hypotheses
that are made via our tool. We thus consider our approach as complementary to existing
usability methods, such as think-aloud protocols, experience sampling, or videotaping. By
addressing open questions or validating observations from these methods our approach allows
decision-makers to conduct more focused studies.
The presented approach is highly scalable to scenarios with many more users as the
data is collected automatically and the aggregated user trajectories prevent visual cluttering.
We are confident that our toolkit is also capable of providing usability insights for other
types of map applications. Although our evaluation only covered four basic interactions, the
interaction logging and visualization components can be easily extended to handle other
GIScience 2021
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events as well. In particular, any interactive map application with a two-dimensional view
and a given task that focuses on the map element could be instrumented for evaluation via
our tool.
Limitations. In terms of instrumentation, one limitation of our evaluation is the fact that
one of the authors of this paper augmented the WebGIS source code rather than someone
outside the project team. The identification of the relevant code sections and the integration
of our data-collection component requires programming skills and thus might represent an
obstacle for usability experiments. However, the simple interface of our toolkit should make
the instrumentation process straightforward as it does not require extensive knowledge about
the system’s architecture. Hence, we expect the required effort for instrumenting other
WebGIS applications to be similar to the workload reported here.
The selected sample for our study presents an additional limitation of our results. Our
participants were experienced GIS users, the UI was reduced to a minimum and the given
localization task was short. We were thus not able to test how more data may impact
the performance and insights of analysts when working with our toolkit. However, the
interactions for longer tasks could be broken down into smaller semantic chunks for analysis
via our toolkit. As the experience level did not vary much the interaction pattern were fairly
consistent. We plan to address this shortcoming in future work by testing less experienced
users with more complex systems and tasks.
Opportunities. Finally, we think that recent developments in Artificial Intelligence research
could complement our approach very well but not replace the identification of usability issues
by humans entirely. The adaption of the trajectory summarization algorithm for our toolkit
leads to promising results and represents the first step in this direction. However, embedding
the discovered patterns and anomalies in the task’s context requires deep knowledge about
the scenario and the users, which is not captured by approaches such as machine learning.
In contrast, humans can combine the aggregated data with their knowledge about the
participants, tasks, and the visualized information.

6

Conclusion

In this work, we proposed and evaluated an approach that applies visual analytics to map
interaction data, aiming to generate deep insights into the usability of WebGIS user interfaces.
We reviewed previous literature in usability evaluations for WebGIS and visual analytics
and implemented a holistic toolkit that facilitates the conduction and evaluation of usability
studies for WebGIS via interactive visualizations.
Even though our work can only be considered a first step into the investigation of
the benefits of visual analytics for this domain, analysts were able to generate plausible
explanations for differences in descriptive statistics via our tool. In a realistic WebGIS,
they compared users’ map interactions and user experience ratings resulting from two
geovisualizations. The visual analysis of this data facilitated the understanding of the
analysts by showing them that one group of WebGIS users navigated more efficiently as
they did not have to zoom out to locate map entries and could omit uninteresting entries
earlier, which eventually led to higher satisfaction (though not shorter completion times). In
addition, they were able to identify learning phases in users sessions that explain initially
longer task completion times but may vanish after users get more experienced.
The next steps planned for our research include further detailed evaluations with more
complex WebGIS UIs and the application of our approach in a real-world scenario.
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1

Introduction

Digital elevation data, representing a terrain by DEMs, triangulations, or contour maps,
are one of the main types of spatial data. Mathematically speaking, a terrain is a function
that maps a 2D point to a value that represents elevation, and a terrain model is a finite
representation of such a function. Terrains are analyzed in many different ways, including
slope and aspect analysis, viewshed analysis, and natural disaster assessment. Terrain analysis
is of prime importance in physical geography, urban planning, and disaster management.
Volume is an important measure used in terrain analysis, for example, to describe the
amount of water in a lake, of ice in a glacier, or of contaminated soil in the ground [4, 6, 10, 16].
Geometrically, such a volume lies between two 2D surfaces. In many scenarios, one of the
surfaces (frequently the upper one) is clearly determined, but the other surface needs to be
(re-)constructed in a meaningful way. Such a reconstruction can, for example, be based on
depth measurements (echo sounding). In other situations, however, a suitable surface needs
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π
Figure 1 Terrain with path π (left); a base surface (center); earth (

) and and air (

) (right).

to be constructed from nothing more than an outline: a closed path (loop) on the surface of
the terrain. This outline need not be a contour: its elevation may vary along the outline.
For example, suppose that linear features (ridges, rivulets) or paths (hikers’ tracks) on a
terrain are to be clustered for further analysis. One could project the paths onto the xy-plane
and use an existing polyline similarity measure, like the Hausdorff distance, Fréchet distance,
or area in between. However, such measures do not take into account that there is relief
between the paths: two straight, parallel paths on a flat terrain may be considered more
similar than two paths with the same distance in the projection, but with a ridge in between.
Hence the volume of the terrain between the paths might be a better indicator of similarity.
Consider a second example from landslide susceptibility analysis. Here several factors
play a role, which can be described by geological, hydrological, land cover, and morphological
variables [17]. Thanks to LiDAR and SRTM, many morphological features can be assessed
automatically, without a human visiting the area in question. For example, the volume of
earth on a slope, rising above a certain region (mapping unit [3]), can be estimated via
methods as discussed in this paper and subsequently analyzed for risk of detachment.
Our input is a terrain and an outline, such as the concatenation of two paths or the
outline of a region. We wish to compute a meaningful 2D base surface induced by the outline
so that we can determine a volume of earth above it. In other words, we start with a (1D)
outline, and define a (2D) base surface to compute a (3D) volume (see Fig. 1). A given
outline may also enclose a significant dent, so there could be air below the base surface and
above the terrain surface. In some applications the volume of this air may be relevant. Hence,
we will consider not only the earth above a base surface but also the air below it.
In prior work, we proposed several options to define meaningful base surfaces from an
outline [20]. In this paper we extend our earlier work in two ways. First, we show how to
actually compute the base surfaces and the corresponding volumes from an outline, that
is, we describe algorithms that realize our earlier definitions. Second, we experimentally
compare the proposed surface options for the two aforementioned application examples:
similarity of paths on terrains and landslide susceptibility analysis.
Results and organization. Our input consists of a two-dimensional surface T embedded in
three-dimensional space, representing a terrain, and an outline π, or two paths π1 and π2
that share their endpoints but are otherwise disjoint. In Section 2 we review the options for
base surfaces which we proposed in prior work [20]. We first describe three possibilities for
the most basic of surfaces, namely planes, and argue how to place them optimally. Second,
we consider three options for more general base surfaces which do contain π, or π1 and π2
(which usually cannot be the case with planes). In Section 3 we describe how to compute the
base surfaces as well as the volumes of earth and air between the input surface T and the
base surfaces. Finally, in Section 4 we investigate the different plane and surface options
experimentally, using several real-world datasets as well as informative synthetic data. We
observe the results for the different choices and discuss their characteristics, with respect to
both similarity measures (paths) and terrain morphology (landslides).
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Related work. Similarity measures for linear features (shapes) have been considered in a
variety of contexts. Popular geometric measures include the Hausdorff distance, the Fréchet
distance, the area-of-symmetric difference, the Wasserstein distance (Earth Mover’s Distance),
and the turn function distance. Also in GIS, shape similarity measures have been used, for
example, in cartographic generalization. Here a city outline or river shape will be displayed
with less detail on a smaller-scale map, while still capturing the overall shape well. One
needs to measure the similarity between the original shape and the generalized shape to
determine how well the generalization still resembles the original [13, 19]. Furthermore,
similarity measures are used for trajectory similarity [21], landscape ecology [2], (urban)
property analysis [7], spatio-temporal processes [12], and retrieval in spatial databases [15].
There has also been some recent interest in semantic similarity [8, 18], focusing more on
cognitive than on geometric aspects of similarity.
There is a huge body of research treating landslide susceptibility analysis, surveyed
in [17] (and much earlier in [22]). Morphological factors are an important indicator, but
generally, only simple morphological variables are considered, due to their availability in
GIS [17]. One notable exception is the work by Völker [23] who uses a 6-step approach
utilizing tension surfaces fitted over nearby profiles to reconstruct the ocean floor prior to a
submarine landslide. His method strongly relies on the assumption that the terrain before
the landslide at the position of the landslide is similar to the surrounding area. As such
Völker’s methodology does not apply to the predictive analysis of morphological features
for landslide risk assessment. To analyze unstable landforms like escarpments or features in
poised position [14], we need more advanced terrain shape analysis tools, and we hope that
volumes from outlines can contribute to these developments.

2

Preliminaries

We review the options for base surfaces induced by an outline which we proposed in earlier
work [20]. Specifically, we describe three linear surfaces (planes) and three general surfaces.
The horizontal averaging plane (HAP) is the horizontal plane whose elevation is the
average of the elevations of the outline. It minimizes the sum-of-squared vertical distances
from the outline to the plane, over all horizontal planes. The regression plane (RP) is the
(non-horizontal) plane that minimizes the sum-of-squared vertical distances from the outline
to the plane. As a third plane choice,
we consider the horizontal plane z = c that minimizes
R
the sum of absolute differences: p∈π | zp − c | dp. We refer to this plane as the minimizing
horizontal plane (MHP); it is located at the median height of π. These planes are – within
the outline – typically partly above and partly below the surface. So we can measure the
volume of earth above and of air below the plane.
General base surfaces can be of various types. For example, we could use a constrained
Delaunay triangulation on the vertically projected outline and lift it to 3D, similar to the
construction of a triangulated irregular terrain from contour lines. Alternatively, we could
use a minimum tension surface or a minimum curvature surface. However, neither of these
choices is particularly well motivated by our intended applications; we feel that a minimum
area surface (MAS) is a more natural choice. For example, in the context of landslide risk
assessment, a minimum area surface as a base surface represents the case where the area,
and thus the friction between the moving and not moving earth, is minimized.
The four base surfaces described so far can be used both for a single outline and for
two paths. We next describe a choice of base surface that applies only to two paths. This
surface readily lends itself to measure the similarity between the two paths in a manner
which takes the volume of the relief between them into account. Specifically, the so-called
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Figure 2 (a) A monotone isotopy illustrated by intermediate paths of the morph between π10
and π20 . (b) Two transverse curves of this isotopy. The transverse curve at parameter 0 is simply s0
and the transverse curve at parameter 1 is t0 , the projections of s and t (taken from [20]).

water flow surface (WFS) models the ease with which one path can morph into the other.
It is motivated by morphological processes shaping channels in braided rivers [5, 11]. The
WFS models the minimum amount of earth that must be removed for a path to change
its course from π1 to π2 . The WFS cannot be symmetric, for example, if π1 lies further
uphill than π2 , and is hence defined by an ordered pair (π1 , π2 ). Note that the volume-based
distance function implied by the WFS is not a metric.
The transformation from π1 into π2 is essentially a morph. Such a morph should be
smooth and should not “double-back” on itself, that is, it should be a monotone isotopy (see
Fig. 2(a)) in the 2D plane, morphing between the 2D projections π10 and π20 of π1 and π2 .
To construct the surface we need to assign suitable elevations to the points on the paths in
the morph between π10 and π20 . We can view the curves π10 , π20 , and the ones in between in
the morph, as parametrized curves where at parameter 0 we are at the common start s0 ,
and at parameter 1 we are at the common end t0 (see Fig. 2(b)). Points that occur at the
same parameter form transverse curves. We now choose the WFS to be the surface on or
below the terrain T such that a monotone isotopy exists for which all transverse curves are
monotonically decreasing, and among these, the one that has the smallest volume between T
and the WFS. A more extensive description and motivation can be found in [20].
We illustrate the difference between the WFS and the RP by a simple example (see
Fig. 3). Assume that paths π1 and π2 lie in a plane, which is the RP for these paths. The RP
gives a volume above it and below T that is the whole bump above the plane (see Fig. 3(b)).
The WFS lies higher and defines a smaller volume, namely the volume of the bump above the
saddle point (see Fig. 3(c)). Hence, a sloped terrain with some roughness between π1 and π2 ,
but no local maxima, gives a volume of 0 between T and the WFS. The RP would give some
volume based on the summed volumes of the roughness spots above the regression plane.
The WFS distance for the example in Fig. 3(d) is the volume between T and a horizontal
plane through s and t on one side of the valley.

(a)

(b)

(c)

(d)

Figure 3 (a) A sloped hill with transverse paths. (b) Removing parts by the RP. (c) Removing
parts by the WFS (above the saddle point) (d) A valley with longitudinal paths (from [20]).
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As noted, the WFS is asymmetric: exchanging the roles of π1 and π2 leads to a different
base surface and a different measured volume. Our last base surface is a symmetric version of
the WFS which is again defined for an outline. To define the symmetric flow surface (SFS)
we consider paths on or below T from any point p on or below T inside the outline π to the
outline π. The SFS is the 2D boundary of the union of all points p for which there is a path
on or below T which monotonically increases towards the 1D boundary π. Since these paths
can choose any point on π as their destinations, instead of only a specific part (π1 or π2 ), the
SFS always bounds less volume than the WFS. The SFS is the same as the WFS in Fig. 3(c),
but bounds a volume of 0 in Fig. 3(d), unlike any of the other base surfaces we described.

3

Computing base surfaces and volumes

In this section we describe how to compute the base surfaces as well as the volumes of earth
and air between the input surface T and the base surfaces. Recall that our input consists
of a two-dimensional surface T , representing a terrain, and an outline π, or two paths π1
and π2 that share their endpoints but are otherwise disjoint. For all base surfaces but WFS,
we first concatenate π1 and π2 into an outline π. We assume that we can model T as a
height function h : R2 → R that maps a geographic position (x, y) to its corresponding height
value. We further assume that T is represented by a TIN, that is, the terrain model consists
of vertices and edges forming triangles, where every vertex v has a position and a height
value associated with it, and heights are interpolated linearly over edges and triangles. The
outline π by extension is a simple polygonal boundary that lies on the terrain surface. Our
methods apply to other elevation models than TINs, such as DEMs and spline surfaces, but
some adaptations are needed.

Computing base surfaces. Computing the planes HAP, RP, and MHP from the input is
straightforward. We interpret the vertices of the outline π as 3D points, and compute these
planes with standard methods.
The base surfaces MAS, WFS, and SFS are functions B : R2 → R. For ease of computation,
we assume that each base surface B is also represented by a TIN, and the projection onto the
(x, y)-plane coincides with that of T . In other words, B has the same vertices as T , but the
heights of these vertices may differ from those in T . The minimal area surface (MAS) cannot
be represented exactly by a TIN because the surface is curved, but we believe that using the
same TIN as T provides an approximation that is comparable to how well T approximates
the real-world terrain. Computing an approximation to the MAS is computationally intensive.
For a given outline π, we start with a surface based on a weighted average of the vertex
elevations defining the outline π (or π1 and π2 ); the weight for a vertex is proportional to
1/d2 where d is the distance to that vertex. We further optimize using gradient descent, until
a (local) minimum is reached. This is our approximation of the MAS.
For WFS or SFS, the base surface often overlaps with the terrain T , except where locally
maximal parts are cut off by a horizontal plane at the elevation of a saddle. The boundary of
the base surface uses vertices on the contour line of the saddle. We can therefore represent
these base surfaces implicitly (but still exactly), using annotations in the original terrain T .
To know at which saddles inside π (or π1 ∪ π2 ) we need to trace the contour lines, we use a
highest path tree which represents all highest paths towards π or π1 . A highest path tree can
be computed efficiently [1, 11].
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Computing volumes. The volume V of earth above the base surface B for an outline π, for
all six base surfaces, is defined as follows (see Fig. 1):
Z

V (π) =
max 0, h(x, y) − B(x, y) dx dy.
(1)
D

Here D is the domain of the function that corresponds to the part of the terrain inside π.
Alternatively, we can measure the volume V 0 of air below the base surface:
Z

0
V (π) =
max 0, B(x, y) − h(x, y) dx dy.
(2)
D

We now describe how we can compute these integrals in practice. For that we use the fact
that the terrain T is represented as a TIN.
Assuming that T and B share the same TIN (with different heights), we can compute the
integral in Equation 1 (or similarly, in Equation 2) as follows. We split up the domain D
into triangles corresponding to the projections of the triangles in T onto the (x, y)-plane.
For each such triangular domain, the function h(x, y) − B(x, y) is linear by the definition of
a TIN, and this function is completely determined by the values of h(x, y) − B(x, y) at the
vertices of the triangle. Let h1 ≤ h2 ≤ h3 be the corresponding values at the vertices of the
triangle. We will simply refer to these values as height.
To compute the integral for a single triangular domain, we need two basic building blocks,
namely the volume of a prism and the volume of a pyramid:
Vprism = Ah;

Vpyramid = Ah/3,

where A is the area of the base of the prism/pyramid and h is the height of the prism/pyramid.
We now consider several cases. First of all, we assume that h3 > 0 (otherwise the integral
is 0) and that h1 < 0 (otherwise we can simply add a prism with height h1 to the volume).
The following cases remain:
Case 1 (h1 < h2 < h3 ): We cut up the triangle into two triangles by cutting it at height h2 .
Note that for the two resulting triangles, two vertices share the same height; we can use
Case 2, 3 or 4 to compute their corresponding volumes separately.
Case 2 (0 = h1 = h2 < h3 ): The remaining volume is a pyramid.
Case 3 (h1 = h2 < 0 < h3 ): We cut the triangle at height 0 and end up in Case 2.
Case 4 (h1 < 0 < h2 = h3 ): We add a pyramid on top of the triangle to form a prism.
We then compute the volume of the prism with height h3 and subtract the volume of
the pyramid, except for the part of the pyramid that is below height 0 (see Fig. 4). The
volume of the tip of this pyramid can be computed as in Case 3.
To compute the integral in Equation 1 for the WFS or the SFS, we take a similar approach,
using the implicit representation of B in T . The computations can be simplified because
WFS and SFS are never above T .
h3

h2

=

−

+

h1
Figure 4 Computing the volume below the triangle and above the zero plane (blue) in Case 4.
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Experiments

We implemented our methods and investigated the different plane and surface options
experimentally, using several real-world datasets as well as informative synthetic data. In
this section we observe the results for the different choices of base surfaces and discuss their
characteristics, with respect to both similarity measures (Section 4.1) and terrain morphology
(Section 4.2).

4.1

Volume-based path similarity on terrains

We used two extracts from the world-wide SRTM elevation dataset: one of the area around
Mont Blanc on the border of France and Italy, and one of Grampians National Park, Australia.
Both extracts were taken from the void-filled SRTM data sets produced by CIAT [9]. In
both datasets we manually drew three input paths π1 , π2 , and π3 that are of interest. In the
Mont Blanc dataset we drew two paths π1 and π3 through valleys, and one path π2 that
goes higher along the mountain (but not over the peak, see Fig. 5(a)). In the Grampians
dataset we drew two paths π1 and π3 along mountain ridges, and one path π2 in the valley
between (see Fig. 5(b)). We also constructed a small set of synthetic datasets that clearly
illustrate the features of our base surfaces and the associated volumes.
To measure the volume-based similarity between two paths, we define the distance
between them with respect to a particular base surface as the volume of earth and possibly
air between this base surface and the terrain. The distances (the computed volumes) are
shown in Tables 1, 2, and 3; we express all values in 109 m3 .
Mont Blanc dataset. In Table 1 we show the results for the Mont Blanc dataset. The first
column shows the distance between π1 and π3 , the second column the distance between π1
and π2 , and the third column the distance between π2 and π3 . Every row in the table shows
the result for a different base surface. For each combination of base surface and pair of paths
we show: (1) a grayscale figure showing the height of the base surface, (2) a color figure
showing the amount of earth (brown) or air (blue) measured with respect to the base surface,
and (3) the corresponding volumes measured for earth ( ) and air ( ), if applicable.

t
t

π1

π1

π2

π2

π3

π3

s

(a)

s

(b)

Figure 5 Datasets and paths: (a) Mont Blanc. (b) Grampians.

GIScience 2021

16:8

Volume from Outlines on Terrains

Table 1 Mt. Blanc, distances between (π1 , π3 ), (π1 , π2 ), and (π2 , π3 ), earth (

) and air (

Area (108 m2 )
Projected
Actual

6.627
6.742

3.508
3.568

3.119
3.174

HAP
314.10 24.77

25.77 33.72

160.60 9.07

297.87 8.32

29.60 16.39

158.58 6.23

305.13 26.85

27.73 31.21

169.97 7.47

310.59 0.90

9.07

143.35 0.64

RP

MHP

MAS

WFS
→

WFS
←

10.94

117.92

15.34

22.36

17.32

0.64

16.69

17.29

0.60

16.69

SFS

).
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Since both paths π1 and π3 are in valleys, we expect the base surfaces to separate a lot
of earth and not much air. All of the HAP, RP, MHP, and MAS distances appear to have
this property, although the horizontal planes separate more air than intuitively desirable.
The WFS separates much less of the earth (especially in one direction), and the same holds
naturally for the SFS. However, these distances still appear to capture the most important
parts of the mountain (at least the WFS (→) does). These distances are expected to measure
less, as they are more conservative and more closely follow the input terrain.
If we consider the distances between π1 and π2 , then we expect to measure less earth, and
relatively more air. This indeed appears to be the case for all distances that also measure
air. Also for WFS and SFS the distances clearly appear to measure less earth. There is
an interesting difference to notice here between the RP and MAS distances: because the
RP is restricted to be a plane, it is well below the higher parts of π2 , thus the RP distance
measures much more earth than the MAS distance.
Finally, since the peak is contained between π2 and π3 , we expect our distances to measure
more earth (relative to projected area) than between π1 and π2 . Again, the HAP, RP, MHP,
and MAS distances clearly capture this. The same holds for the WFS (←) and SFS distances.
As WFS (→) essentially just separates earth that needs to be removed to travel monotonically
from π1 to π2 (capturing the part of the mountain left from π2 ) and from π2 to π3 (capturing
only the peak to the right of π2 ), it is not surprising that the corresponding distances are
similar.
It is further interesting that the WFS (→) distance between π1 and π2 (capturing the
part of the mountain left from π2 ) and the WFS (←) distance between π2 and π3 (capturing
the part of the mountain right from π2 ) are roughly the same. We would expect the latter
to be higher, since that part contains the peak of the mountain. This discrepancy can be
explained by the fact that the path π3 is higher than the path π1 . Finally, note that for most
distances, the amount of earth measured between π1 and π3 is higher than the the sum of
the amounts of earth measured between π1 and π2 and between π2 and π3 . This is desired
behavior, as the paths π1 and π3 are both in different valleys and thus very different. It also
directly implies that these distances do not satisfy the triangle inequality.
Grampians dataset. In Table 2 we show the results for the Grampians dataset, in the same
structure as for the Mont Blanc dataset. Since the paths π1 and π3 enclose a large valley, we
expect to measure a lot of air in this dataset. This indeed appears to be the case for the
distances based on HAP, RP, MHP, MAS. Especially the MAS is good at not separating
any unnecessary earth near the paths π1 and π3 . However, none of these distances capture
the small hills inside the valley. These hills are measured by the WFS distances, but they
also measure some extra volume near the paths π1 and π3 . The SFS distance picks up the
volume of the hills inside the valley only.
Since the path π2 goes through the valley, we expect the distances between π1 and π2
to capture much less air than between π1 and π3 . This is indeed the case for the HAP, RP,
MHP, and MAS distances. However, the MHP distance appears to capture very little air
and more earth than expected. This is due to the fact that the MHP uses the median height
of the paths. Since more than half of π1 ∪ π2 lies in the valley, the base surface MHP also
lies in the valley, thus separating a large amount of earth. Further, as before, the HAP, RP,
MHP, and MAS distances do not measure the hills inside the valley. This volume is measured
by the WFS (→) distance. The WFS (←) distance also measures it, but it measures a
significant amount of extra volume near π1 . Finally, the SFS distance again nicely captures
the volume of the small hills in the valley.
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Table 2 Grampians, distances between (π1 , π3 ), (π1 , π2 ), and (π2 , π3 ), earth (

) and air (

).

Area (108 m2 )
Projected
Actual

6.627
6.742

3.508
3.568

3.119
3.174

HAP
6.78

167.63

7.15

47.24

9.75

40.16

6.05

168.24

6.65

38.56

4.56

45.96

4.97

191.45

26.33 4.43

21.57 7.61

0.66

173.19

0.65

1.10

RP

MHP

MAS

WFS
→

WFS
←

48.35

33.49

23.55

1.89

21.40

23.84

21.59

1.39

3.26

1.87

1.37

SFS
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For the distances between π2 and π3 we expect similar results as between π1 and π2 , and
indeed the HAP, RP, MHP, and MAS distances appear to give similar values. We also clearly
see the asymmetry of the WFS distance, where the WFS (→) and WFS (←) distances have
switched roles compared to the values between π1 and π2 . The SFS distance again nicely
captures the volume of the small hills in the valley.
Like in the Mont Blanc dataset, we see that the amount of air measured between π1
and π3 is more than the sum of the amounts of air measured between π1 and π2 and between
π2 and π3 . Again, this is desired behavior. This dataset also illustrates the usefulness of the
WFS and SFS distances. In particular, from the SFS distance we can see that the volume
of the hills in the valley to the left of π2 is more than to the right of π2 , which is almost
impossible to see from the HAP, RP, MHP, and MAS distances.
Synthetic datasets. In Table 3 we show the results for the synthetic datasets. The synthetic
datasets are (1) a hill, (2) a slope, (3) a set of small hills on a slope, and (4) a valley where
the two paths start in the valley, go up different sides of the valley, and then end up down in
the valley again.
For the first dataset with the hill, all distances clearly measure the volume of the hill.
The distances measure small amounts of air, but these amounts are clearly insignificant.
For the slope dataset there are clear differences. Depending on what behavior is desired,
different distances should be chosen. If the paths should be considered to be different, then
one should simply measure the area/projected area between the paths, or use the HAP or
MHP distances. Because the HAP and MHP distances use horizontal planes as base surface,
they cannot capture the slope and must measure significant volumes of both earth and air.
The WFS distance is useful for a situation where going up implies more distance than going
down. However, given our motivation of contextual volume-based distances, these paths
should have distance zero, and this is indeed measured by the RP, MAS,1 and SFS distances.
The third synthetic dataset also contains a slope, so the HAP and MHP distances give
similar results as for the second synthetic dataset. Also, the WFS distance again demonstrates
its inherent asymmetry. The remaining distances (based on the RP, MAS, and SFS) all
capture the small hills on the slope. SFS is generally more conservative in measuring the
earth volume.
The fourth synthetic dataset shows some interesting differences between the distances.
The HAP, RP, MHP, and MAS distances all capture the air in the valley between the high
parts of the paths. The HAP and RP distances also capture some earth volume near the
high parts of the paths. The WFS distances capture how much “effort” it costs to go from
one path to the other, where only moving up requires effort. The effort here is measured
as the amount of earth that needs to be removed to eliminate this effort. Finally, the SFS
distance measures the amount of effort needed for the two paths to come together.

4.2

Volumes from outlines for landslide risk analysis

We next analyze how our base surfaces and the corresponding volumes may contribute to
landslide risk analysis. To that end, we consider a part of real-world terrain (see Fig. 6) that
has been identified as high risk for landslides according to the deep-seated landslide susceptibility map for California, USA, created by the California Department of Conservation [24].

1

The MAS distances are not exactly zero. This is a consequence of approximating a minimum area
surface; the real minimum area surface should follow the slope and result in a distance of zero.
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Table 3 Synthetic data, distances between π1 and π2 , earth (

) and air (

).

HAP
29.91 0.08

15.63 15.63

11.08 9.56

5.59 46.85

3.80 2.29

5.59 46.85

RP
29.91 0.08

0

0

MHP
30.10 0.05

15.63 15.63

12.67 8.28

0

82.52

29.67 0.00

0.36 0.39

3.56 1.75

28.54

15.63

1.29

29.66

28.54

0

11.82

29.66

28.54

0

1.05

0

MAS

WFS
↓

WFS
↑

0.06 37.05

SFS

Specifically, we consider a part of terrain along the California coastline close to Highway 1
(near the mouth of Russian river), which has been assigned the highest risk class X among
eight different classes. The classification is based on the slope of the terrain and the soil
type, but does not take volume or other aspects of the shape of the terrain into account.
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4

(c)

Figure 6 Regions used in our landslide analysis: (a) overview map; (b) part of the deep-seated
landslide susceptibility map for California (image from CGS Map Sheet 58 [24]); (c) the four regions.

For a more fine-grained analysis of landslide risk, it is relevant to measure the amount
of soil (that is, volume) that may slide and where this soil may be deposited. We believe
that (some of) our volumes from base surfaces can contribute to such analysis. To show
that, we consider four equal-size ellipse-shaped regions of the terrain that all have the same
risk class X in the deep-seated landslide susceptibility map, but contain parts of the terrain
with different morphology (see Fig. 6). Specifically, Region 1 contains a convex ridge with
relatively high plan curvature, Region 2 contains a valley with negative plan curvature, and
Regions 3 and 4 are flatter, but Region 3 borders the valley of Region 2, whereas Region 4
does not. We computed three volumes on the region outlines, using the RP, MAS, and SFS.
Note that the volumes from horizontal planes are not meaningful (the terrain is sloped for
all regions), and that the WFS requires two paths instead of a single outline, so we did not
include them in this analysis. The results are shown in Table 4.
We can immediately see that the SFS volume is small. This is to be expected: the SFS
is designed for similarity in the context of water flow, and therefore only separates volume
around local maxima (as they impede water flow). Since all regions contain sloped terrain
without significant local maxima, the SFS always separates near-zero volumes. The volumes
based on the RP and MAS are similar. If we interpret the outline of a region as the boundary
of a potential landslide, then indeed we would expect to measure a high volume of earth
for the ridge (Region 1). On the other hand, we measure very little earth for the valley
(Region 2), as expected. However, the volume of air is very high. This indicates that a
large volume of soil can be deposited in this region, but the region does not contribute much
soil to any landslide. For Regions 3 and 4, which are flatter than Region 1, the RP and
MAS indeed separate less earth volume than for Region 1. The earth volume for Region 3 is
somewhat higher than for Region 4, likely because Region 3 borders the valley of Region 2,
and hence one part of the outline of Region 3 drops down steeper there. Also note that,
purely based on morphology, the outline of Region 4 is not likely the border of a potential
landslide, as the profile of the terrain is not changing much across the outline. However,
geological, hydrological, and land use factors may indicate otherwise.
Considering the (minor) difference between the RP and MAS volumes, we see that the
volumes for the MAS are somewhat “cleaner”. For example, the MAS separates no air volume
for the ridge (Region 1), as one would expect, whereas the RP separates a small volume of
air. The reason for this is that the MAS can completely follow the terrain at the outline, and
the RP, which is a flat plane, cannot. This results in small amounts of air and earth volume
close to the outline unnecessarily being added to the total earth and air volumes separated
by the RP. These amounts become larger as the outline becomes more irregular (less flat).
However, we can see that these added amounts are relatively small and do not change the
volumes significantly. Given the fact that the RP can be computed much faster than the
MAS, the RP volume might be preferable if there is no need for high precision.
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Table 4 Landslides, volume measurements in 105 m3 for the four areas, earth (

1

2

3

) and air (

).

4

RP
20.25 0.09
(angle 8.3°)

2.55 18.36
(angle 8.6°)

8.95 0.88
(angle 10.5°)

7.62 0.74
(angle 8.8°)

22.28 0.00

2.04 19.69

10.09 0.71

6.06 0.24

0.00

0.00

MAS

SFS
0.01

5

0.00

Conclusion

We studied the problem of computing a volume of terrain based on a given outline. After
reviewing six possible base surfaces, we showed how to compute them and how to determine
the volume between a base surface and the terrain. We highlighted two use cases, namely
volume-based similarity and landslide risk assessment, and performed experiments related
to both of them. The experiments revealed properties of the different volume computation
models so that practitioners can easily select the most suitable one for their application.
Summarizing, we have demonstrated that computing terrain volume based on an outline is a
useful type of terrain analysis. We presented various options to do so, including the required
algorithms, and reported on extensive comparative experiments.
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Abstract
Displaying near-real-time traffic information is a useful feature of digital navigation maps. However,
most commercial providers rely on privacy-compromising measures such as deriving location information from cellphones to estimate traffic. The lack of an open-source traffic estimation method
using open data platforms is a bottleneck for building sophisticated navigation services on top
of OpenStreetMap (OSM). We propose a deep learning-based Complex Event Processing (CEP)
method that relies on publicly available video camera streams for traffic estimation. The proposed
framework performs near-real-time object detection and objects property extraction across camera
clusters in parallel to derive multiple measures related to traffic with the results visualized on
OpenStreetMap. The estimation of object properties (e.g. vehicle speed, count, direction) provides
multidimensional data that can be leveraged to create metrics and visualization for congestion
beyond commonly used density-based measures. Our approach couples both flow and count measures
during interpolation by considering each vehicle as a sample point and their speed as weight. We
demonstrate multidimensional traffic metrics (e.g. flow rate, congestion estimation) over OSM by
processing 22 traffic cameras from London streets. The system achieves a near-real-time performance
of 1.42 seconds median latency and an average F-score of 0.80.
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1

Introduction

OpenStreetMap (OSM) is arguably the largest crowdsourced geographic database. Currently,
there are more than 5 million registered users, over 1 million of whom have contributed data
by editing the map. Different aspects of OSM data quality have been scrutinized, and OSM
data performed well on tests of volume, completeness, and accuracy across several classes
of spatial data, such as roads and buildings [18, 11]. Despite standing up to data quality
tests, enforcing data integrity rules required for a navigable road map is challenging. Lack of
topological integrity and semantic rules such as turn restrictions which enable navigational
capabilities is a stumbling block for OSM to be a viable open-source alternative to commercial
products like Google Maps and Apple Maps.
Over the last five years, several large corporations have realized the value of OSM and
have assembled teams to contribute and improve data on the OSM platform [3]. Backed by
large companies, the editing teams are capable of editing millions of kilometers (km) of road
data each year. As a result of these efforts, the road network data on OSM is improving
rapidly, and the gap in the quality of the data in the developed and developing countries
is narrowing. In the foreseeable future, it is expected that widely available open-source
navigation services may also be built on top of OSM data. The next frontier to making OSM
more usable for navigational purposes is to have real-time traffic information to estimate trip
times. This feature is already available in commercial digital navigation maps. However, the
estimation and availability of traffic state data relies on platforms (i.e. iPhone and Android)
built by the respective companies to feed data to the service.
In recent years, internet-connected devices collectively referred to as the Internet of
Things (IoT) have become ubiquitous. With the proliferation of visual sensors, there is
now a significant shift in the data landscape. We are currently transitioning to an era of
the Internet of Multimedia Things (IoMT) [2, 5] where media capturing sensors produce
streaming data from different sources like CCTV cameras, smartphones and social media
platforms. For example, cities like London, Beijing and New York have deployed thousands
of CCTV cameras streaming hours of videos daily [1]. Complex Event Processing (CEP)
is an event-driven paradigm which utilizes low-level data from sensor streams to gain highlevel insights and event patterns. CEP applications can be found in areas as varied as
environmental monitoring to stock market analysis [10].
In this research, we propose a Complex Event Processing (CEP) framework to estimate
traffic using deep learning techniques on publicly available street camera video streams. We
process the data on GPU computing infrastructure and expose the processed output to OSM.
The proposed method utilizes publicly available data and does not piggy-back on using cell
phones. The solution is better for privacy and is also immune to subversion techniques such
as the recent case where an artist used 99 Android phones to simulate traffic on Google
Maps [12]. Further, the rich data stream from the video can provide multidimensional
measurements of traffic state going beyond simple vehicle count-based metrics.

2

Background and Related Work

This section provides the initial background and techniques required for the development of
a traffic estimation service for OSM.
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2.1

Complex Event Processing

Complex Event Processing (CEP) is a specialized information flow processing (IFP) technique
which detects patterns over incoming data streams [9]. CEP systems receive data from
different sensor streams and then mine high-level patterns in real-time to notify users. CEP
systems perform online and offline computations and can handle high volume and variety
of data. In CEP, event patterns of interest are expressed using SQL like query language,
and once a query is registered, it continuously monitors the data stream. Pattern matching
for queried patterns occurs in (near) real-time as the data flows from the Data Producers
(sensors) to the Consumers (applications).
Fig. 1 shows a simple CEP system, where a user queries from a temperature sensor to
send notification of a fire warning alert if the average temperature is greater than 50°C in
the last five minutes [28]. The fire warning alert query is registered in the CEP engine
which continuously monitors the data from the temperature sensor. The CEP engine will
raise a fire warning alert at time t1 − t2 as the average temperature of incoming streams is
higher than 50°C in the last five minutes. Thus, a complex fire warning alert is generated by
averaging simple ‘temperature event’ from the sensor.

2.2

Deep Learning-based Image Understanding

The computer vision domain focuses on reasoning and identifying image content in terms
of high-level semantic concepts. These high-level concepts are termed as objects (e.g. car,
person) which act as building blocks in understanding and querying an image. There are
different object detection algorithms like SIFT [16], which classify and localize the objects
in the video frames. Convolutional Neural Networks (CNN) based deep learning methods
[15] are proficient at identifying objects with high accuracy. It is a supervised learning
technique where layers are trained using labelled datasets to classify images. Fig. 2 shows
the underlying architecture of a CNN model having different layers to classify and detect an
object from the image. CNN based object detection methods like YOLO [20] detect and
classify objects by drawing bounding boxes around them.

2.3

Related Work

Traffic Estimation Services. Most of the traffic monitoring related data is collected from
sensor devices like GPS embedded in mobile phones and speed detection cameras (loop
detectors, camera, infrared detectors, ultrasonic, radar detectors) [4]. The traffic data is
displayed on proprietary maps such as Google, Apple and Here Maps. These companies also
expose the data through APIs. However, the methodology for traffic estimation is opaque,
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and depending on the service provider, there are costs and restrictions on how a third-party
developer can utilize the data. Initiatives such as OpenTraffic2 are building an open-source
data platform and services which collect anonymized telemetry data from vehicles and
smartphones and exposes them through OSM API. OpenTraffic is a relatively new platform
and is still building up a list of partners (currently three) to gather traffic information. Other
attempts to create open traffic data framework for consumption as a map service include the
OpenTransportMap3 project. Their framework is based on pre-calculated estimates of traffic
volumes based on demographic data. There are some traffic state prediction works which
use interpolation techniques using sensor-based reading like GPS and LIDAR to identify
traffic at unknown locations [17, 31, 23]. In this work, instead of telemetry data like GPS,
we focused on clusters of openly available video feeds which provide live-streaming updates
from multiple locations and update traffic in real-time on OSM.

Video-Based Traffic Estimation. Video streams are an ideal example of BigData as it
represents a high volume, high velocity, unstructured source of data. Fatih et al. [19]
proposed a Gaussian based Hidden Markov Model (GM-HMM) to estimate traffic over
MPEG videos. But their work was limited only to the camera Field of View (FoV) to
determine the traffic over a highway segment. In this work, we focused on estimating traffic
beyond camera FoV across the whole queried street network even where camera feeds are not
available. Kopsiaftis et al. [14] used background estimation over high-resolution satellite
video images and performed traffic density estimation by counting vehicles in the given
region. Again, their work is limited to only pre-recorded historical video data. On the
other hand, our proposed framework estimates traffic over streaming video in near-real-time.
Connected vehicles are another data source for traffic estimation. Kar et al. [13] proposed
real-time traffic estimation considering vehicles as edge nodes. They performed object and
lane detection using dash cameras installed in the vehicles to estimate their speed. The
author’s future work was focused on sharing such data across vehicles and on a cloud-based
map service. Our work builds upon this line of argument by considering traffic camera
network as a cluster of edge nodes and then applying data-driven techniques to identify
traffic across the road network which is later updated to OSM.

2
3

opentraffic.io
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Motivation and Problem Scope
Case Study: London- A City of Open Traffic Cameras

London possesses an extensive camera network. The city is dotted with nearly 500K cameras
[26]. With a density of 68.4 cameras per 1000 people, it is estimated that an average Londoner
is caught in a camera approx 300 times a day [26]. Live camera feeds stream real-time
information of things happening around London’s streets, enabling applications like license
plate reading. The camera streams API is provided from Transport for London (TfL) and
can be accessed by registering with their system. Each video camera comes with metadata
including date, timestamp, street name and its geolocation. Availability of open cameras,
accessibility of real time4 and archived data5 , and friendly streaming API makes London
ideal for our case study. Fig. 3 shows the screenshot of camera networks across a part of the
city with a video clip instance from a particular camera.

3.2

User Scenario

Traditional traffic monitoring using CCTV is mostly a manual effort where traffic personnel
monitor the situation by looking at the feeds from cameras installed across the city. This
manual approach is time-consuming, tedious, and error-prone as it is difficult for humans to
synthesize a large number of events occurring across space and time. Thus, the development
of automated techniques is crucial to supplement manual qualitative efforts. Suppose the
traffic authority wants to map the busiest routes of the city over the day in real-time and
wants to provide the traffic state as a service to the citizens. Fig. 4 shows the authority using
a CEP engine to obtain the traffic congestion status over a road segment from a cluster of
CCTV cameras installed along the road. Processing this query over multiple video streams
requires identifying objects (e.g. cars), determining their properties (e.g. speed), calculating
traffic states, interpolation across the road network for continuous estimation, and visualizing
the results in real-time with summarized metrics and visualizations overlaid on OSM.

3.3

Multidimensional Traffic Analysis

There are multiple factors related to traffic and untangling the impact of individual factors
responsible for congestion is challenging. Congestion is a function of both: the physical
way vehicles (and other road users) interact with each other, and the people’s perception
of congestion (e.g. ‘the traffic is terrible today’) [24]. We focus on the primary factors
related to the physical dimensions of vehicular movement through the road network, namely
vehicle count and average vehicle speed. Thus, at each time point, we estimate the number
of vehicles at a location and the speed of each vehicle.
While these represent rudimentary aspects related to quantifying traffic state, they can be
used as building blocks to more complex metrics such as traffic density, expected travel time,
free flow ratio, and estimates of delay [24, 14]. No single indicator can be a ‘catch-all’ metric
to represent the problem. Reliance on a single parameter in describing network performance
paints an incomplete, or in some cases an incorrect picture of travel conditions. In this
paper, we focus on building the stream data processing architecture and show its efficacy
on a real-world application by focusing on calculating the basic metrics of vehicle count
and vehicle speed. Table 1 and Table 2 lists the macroscopic traffic metrics and Level of
Service(LOS) parameters [8] which are consider for evaluation in this work.

4
5
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Table 1 Traffic Metrics.
Traffic Metrics
Traffic
(TF)

Definition

Flow

TF is the total count of vehicles that have passed a certain
point in both directions for a given time. TF is calculated
over short duration’s (e.g. two days) and then approximated over days adjusting for seasonal and weekly variations. The TF can be calculated at different timescales
ranging from minutes, hours, daily, weekly and yearly
level (Annual Average Daily Traffic).
It is the average speed of vehicles on both directions at
a point for a given time scale. ATS is measured in m/s,
km/hr or mph.
TD or volume (V) is the number of vehicles per unit
distance over a given road. It is measure in term of the
number of vehicles per unit road (Km or mile). The
maximum number of vehicles in a mile per lane which a
road can accommodate is termed as capacity.

Average Traffic
Speed (ATS)
Traffic Density
(TD) and Capacity(c)

Table 2 Level of Service.
Level of
Service

Description

VolumeCapacity
Ratio
(V/C)

A

Free flowing and highest driving
comfort.
Little delay and high driving comfort.
Some delay and acceptable level of
comfort.
Moderate delay and some driving
frustration.
High degree of delay and driving
frustration.
Excessive delay and highest level of
frustration.

<0.60

C
D
E
F

0.70-0.80
0.80-0.90
0.90-1.0
>1.0

QUERY MANAGER

VIDEO STREAM MANAGER
TT
ff
LL
AA
PP
II

0.60-0.70

RMTP Media Server

VEQL QUERY
ENGINE

Encoder Service
(FFMPEG)

Query
Interface

B

Video Stream
Interface
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System Architecture

To identify different traffic metrics using multiple cameras, a distributed microservice-based
complex event processing system is implemented. Fig. 5 shows the high-level architecture of
the traffic estimation system which is divided into four major components. These components
are independent microservices wrapped in a container and their instances can be deployed
over the cloud or local computing nodes. These components are:
Query Manager: The user can subscribe to different queries using the query manager.
The Query manager consists of a Query Interface where users can write queries in Video
Event Query Language (VEQL) to detect traffic patterns [29]. VEQL is a SQL-like
declarative language where rules and operators can be written to identify pattern over
video streams. The VEQL Query Engine creates a query graph to represent patterns.
Further details of VEQL can be found in [29]. A sample VEQL query for traffic congestion
is as follows:
Select Traffic_Congestion(Object) from Brixton Road
WHERE Object = ‘Car’ OR Object = ‘Bus’
WITHIN Time_Window = 5 sec WITH CONFIDENCE >40%
In the above query, the user subscribed for Traffic Congestion for ‘Car and Bus’ over
Brixton Road camera network with an update of every five-seconds. The traffic congestion
operator will be discussed in detail in Section 6.
Video Stream Manager: The video stream manager connects to multiple video feeds
using a video stream interface which is a network adapter to provide the connection to
different streaming API’s. The TfL (Transport for London) unified API is used to bring
together video data from street cameras to our system. The Query Manager forwards the
road information(e.g. Brixton Road) to the stream manager which later uses metadata
information from the TfL API to fetch video streams from the corresponding road camera.
For example, we pass different lat-long coordinates of Brixton Road (e.g. 51.4812,-0.11065)
using OSM which is then passed to the TfL API (https://api.tfl.gov.uk/Place?
lat=51.4812&lon=-0.11065&radius=100&type=JamCam) to search cameras. The search
process continues and iterates until the end of the queried road segment. Similarly, each
stream is sent in parallel to the media server using the GStreamer library. Finally, the
Event Dispatcher sends the received video streams from different cameras to the DNN
Model pipeline.
Deep Neural Network (DNN) Models Pipelines: This is a computer vision pipeline
which consists of deep learning-based object detector and object tracker. The object
detector model receives the video frames from the event dispatcher as a feature map and
extracts the vehicles in the form of bounding boxes. The object detector is integrated
with a DNN based object tracker to track the identified vehicle for a given length of time.
The specifics of the object detector and tracker are explained in detail in Section 5.1.
Based on the number of cameras on the queried road, separate DNN model instances are
created dynamically to process each camera feed in parallel. This is necessary to separate
the tracking instances of each identified vehicles in each camera.
Complex Event Engine: The Complex Event Engine is the core component which
predicts traffic-related activities. Its sub-components are:
Window and State Manager: Data streams (i.e. video feeds) are considered as an
unbounded timestamped sequence of data [35]. CEP systems work on the concept of
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state. Windows capture the stream state by taking the input stream and producing a
sub-stream of finite length (equation (eq.) 1 and 2).
Svideo = ((f1 , t1 ), (f2 , t2 ), ......., (fn , tn ))

(1)

T IM E_W IN DOW (Svideo , t5sec ) : → S 0

(2)

0

where fi are video frames and S = ((f1 , t1 ), (f2 , t2 ), ......., (fn , t5sec )). In eq. 2, a
T IM E_W IN DOW of five seconds is applied over an incoming video stream Svideo
0
(eq. 1) and gives a fixed sub-sequence S of five seconds of video data. The State
Manager handles the created window state and sends the state information to the
persistent storage and matcher services. The current work focuses on online processing
of the data in near-real-time. The Storage component stores the event state of video
feeds for historical batch-based analysis.
Matcher: The Matcher performs traffic operations over the received state from the
state manager. The matcher consists of three traffic-related operators 1) Vehicle
Counter, 2) Vehicle Direction and Speed Estimator, and 3) Traffic Congestion Estimation. The functionality of these operators is explained in details in Section 5 and 6.
The matcher finally sends the results of the CEP engine to the OSM layer through the
OSM API.

5

Computer Vision Pipelines for Traffic Classification

Two computer vision pipelines have been developed for the CEP Engine to estimate the traffic
service. The first pipeline performs object detection (e.g. cars, buses) and tracking over
incoming video streams. The second pipeline involves calculation of traffic-related properties
from objects (speed, direction and count) and interpolating traffic information from point
sources to create a continuous surface over OSM.

5.1

Pipeline 1: Vehicle Detection and Tracking

Vehicle detection is a common problem in computer vision. Different object detection
techniques ranging from feature-based matching like SIFT [16] and complex deep learning
models have been used to identify vehicles in the videos. In this work, the YOLO v3 [20],
a state-of-the-art object detection model is used for vehicle detection. The YOLO model
considers object detection as a single regression problem and divides the image into a SxS
grid to predict the objects bounding boxes and class probabilities simultaneously. The
model gives real-time performance and processes 45 frames per second(fps) at the rate of
22 milliseconds per frame on modern GPUs and is suitable for processing streaming data
like videos. Five classes of vehicles- {bus, car, truck, bicycle and motorcycle} are selected
as they represent the significant vehicular traffic on the road. We have used the YOLO
model pre-trained on the COCO dataset which already consists of all the above five vehicular
classes. The model outputs the bounding box coordinates of each detected vehicle with a
probability score. The probability score is the model confidence to predict the class of an
object (like vehicle), and experimentally we found that score greater than 0.4 detect most of
the vehicles accurately.
Videos are timestamped continuous sequence of image frames. The vehicle object detector
process frames one-by-one to detect and classify vehicles per frame. Videos are temporally
correlated where the same object (vehicles) remain in multiple frames. To avoid repeatedly
counting the same vehicle, the vehicle needs to be tracked across the video feed. Deep-
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Speed: 39 km/hr

Figure 6 (L-R) a)TfL Camera Image at Brixton Road/Island Place, b)Edge Detection to Identify
Lanes, c) Distance Identification Using Google Earth Referencing , d) Object Identification, Tracking,
Direction and Speed Estimation.

SORT [27] is a multiobject tracking algorithm which uses Kalman filters and deep neural
network to track the detected objects across the image frames. We integrated the DeepSORT
tracking model with the YOLO object detection to uniquely identify each vehicle across
frames.

5.2

Pipeline 2: Vehicle Direction, Count and Speed Estimation

It is essential to know the movement direction of the vehicle to segregate traffic estimation
for different lanes. Direction estimation is challenging in TfL installed cameras as there is no
metadata information about the direction of placement of the cameras on the road. After
close inspection, we concluded that the cameras are placed over roads in such a way that their
FoV covers the length of the road (top-front view). The cameras are placed in South-North
or West-East direction such that outgoing traffic is in the left lane while incoming traffic is in
the right lane with respect to cameras FoV. The direction of each vehicle can be calculated
by measuring the displacement of the centre pixel location of its bounding box across frames
for a given time window (eq. 2). Considering the bottom left of the image frame as reference
origin, if the displacement of the y-axis value of centre point of bounding box decreases for a
given time, then it is considered an incoming traffic and vice-versa. DeepSORT provides each
vehicle with a unique id so that the counting can be done for vehicles in both directions.
The speed of the vehicles can be identified using the standard equation of Distance =
Speed ∗ T ime. Thus, the displacement of the centre pixel point of vehicle across frames where
it is present for a given time (e.g. 5 sec) can be used to estimate the vehicle speed. But the
speed of the vehicle will be calculated in pixels/sec which is not helpful in traffic estimation.
As discussed earlier, there are no camera calibration points or pixel geotagging is available in
the metadata. In computer vision, object distance from the camera is measured by taking
pictures of the object from different angles and then fit into camera calibration equations. It
is infeasible to go to every camera points to get object pictures from different angles. We
performed a different approach to identify the relative pixels value in terms of metres. As
shown in Fig. 6(b), a canny edge detection [7] algorithm is used to identify the lanes of the
road using a background frame where no vehicles are present. The number of pixels between
two lanes is then calculated by dividing the image into two parts and taking average pixels
distance value between lanes to accommodate camera FoV at a different scale. Using the ruler
tool available in Google Earth, the distance between lanes is calculated for the same location
(figure 6(a,b,c)). For example, the number of pixels between lane is x and google earth distance
is y metres, then the size of each pixel is x/y metre. We used the Design Manual for Roads
and Bridges (DMRB) CD127 [25] document which provides highway cross-sections and traffic
lane width for trunk roads to validate that identified distance is within standard permissible
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Figure 7 (L-R) a)OpenStreetMap portion of London, b)Brixton Road with Camera Points, c)
NB-IDW Technique Shown for Camera 2 and 3.

limits. Finally, for a camera cluster {c0 , c1 , c2 , c3 , · · ·} over a road, for each ci we process the
video streams to get information as: ci = {vehicleID : [class, direction, speed], · · ·} (figure
6(d)). This processed data is then used to identify traffic estimates across the street network.

6

Traffic Prediction Over Street Network

Traffic cameras are installed over the street at specified distances on important locations
like junctions and roundabouts. For example, in Brixton Road London the cameras are
placed at an average of 0.4 -0.7 km apart from each other. The traffic cameras have a
limited FoV extending over a few metres of the road. So, the proposed system will perform
vehicle detection and tracking within this camera FoV. There is no traffic-related information
available for a road segment located between the installed cameras. Thus, traffic interpolation
is required to identify the unknown traffic values along with street networks.
Algorithm 1 Traffic Congestion Estimation Operator Algorithm.

Data: CameraRoute ← {C0 , C1 , C2 , ..., Cn }
Result: Traffic Congestion Overlay on OSM
foreach (Ci , Ci+1 ) ∈ CameraRoute do
RShortestP ath ← getShortestP ath(Ci , Ci+1 );
T argetP oints ← identif yV ertices(RShortestP ath );
{O0 , O1 , O2 , ..., On } ← getObjectAndDirection(Ci , Ci+1 );
{S0 , S1 , S2 , ..., Sn } ← estimateObjectSpeed(Oi , O1 , ..., On );
SampleP oints ← {O0 , O1 , O2 , ..., On };
disnetwork ← getN etworkDistance(T argetP oints);
weightsspeed ← {S0 , S1 , S2 , ..., Sn };
traf f iccongestion ← doIDW (disnetwork , weightsspeed );
OSM ← displayCongestion(RShortestP ath , traf f iccongestion );
end
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Network-based Traffic Interpolation

In GIS, interpolation is widely used in mapping terrain, temperature, and pollution levels.
Spatial interpolation is a prediction technique to estimate unknown values at different points
using values from sample locations. Common strategies for spatial interpolation assumes
that points are distributed over a 2D- Euclidean space and that the output is to be a surface
spanning the entire space. Measurement of distance between sample and target locations are
also done ‘as the crow flies’ along straight lines assuming that the space is isotropic and can be
traversed easily in every direction. These assumptions do not hold in the case of road networks
which are essentially 1D and can only be traversed along its length. Traditional spatial
interpolation approaches, when applied to network-based structures results in significant
errors. We performed a network-based Inverse Distance Weighted (NB-IDW) interpolation
method for traffic prediction over the road segment between installed cameras [21]. As
per Tobler’s Law which underpins spatial interpolation techniques, we model congestion by
assuming that nearby cameras that record high vehicle counts and low speed represent areas
of high traffic and assume an exponential distance decay function for interpolation.
Fig. 7(a) shows the Brixton Road instance in London over the OSM layer. The road
stretch is approximately 2.5 miles (Camberwell New Rd/Brixton Rd to Brixton Hill/Morrish
Rd) with 12 CCTV cameras (Fig. 7(b)) with an average density of 4.8 cameras per mile.
Fig. 7(c) shows the road segment between camera 2 and 4 and how the traffic values
were interpolated across this road section. Let {v0 , v1 , v2 , . . . , vn−1 , vn } be the identified
vehicles with speed {S0 , S1 , S2 , . . . , Sn−1 , Sn } in a specific direction for camera 2 and 3. Let
{t0 , t1 , t2 , . . . , tl−1 , tl } the target locations between camera 2 and 3 with unknown traffic
congestion values {cˆ0 , cˆ1 , cˆ2 , . . . , cn ˆ− 1, cˆn }. Therefore, the observed traffic congestion value
(cˆo ) is the weighted mean of the speed of nearby identified vehicles as:
cˆo =

n
X

di Si

(3)

i=1

In eq. 3 di is the network distance and Si is the speed of the vehicles from the target location.
The equation can be expanded as:
Pn
f (disnetwork (vi , t0 ))Si
Pi=1
(4)
n
i=1 f (disnetwork (vi , t0 ))
In eq. 4, f (disnetwork (vi , t0 )) is the network distance between the vehicles sample points
and a given target location (t0 ). The road network is treated as a graph with nodes V and
edges E. The disnetwork is the shortest path distance between the vehicles and target point
and is calculated using Dijkstra algorithm while Haversine distance is used to calculate the
distance. In IDW, the weights are inversely proportional to the distance and are raised to
power value p (-ve for inverse relationship). With the increase in p, the weights of farther
points are decreased rapidly (eq. 5). Algorithm 1 details the traffic congestion operator and
the steps required to estimate the traffic.
Pn
−p
i=1 (f (disnetwork (vi , t0 ))) Si
Pn
−p
i=1 (f (disnetwork (vi , t0 )))

(5)

The traffic congestion value will be higher if vehicles are nearer to the target points. For
example, in Fig. 7(c) traffic congestion value at the target point t0 will be more as compared
to t1 and t2 as number of vehicles (v0 , v1 , v2 ) near to t0 is greater. Now the question arises:
how many vehicles (such as v3 , v4 in Fig. 7(c)) are already present in the road segment?
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The OSM layer for London provides the maximum speed (Smax ) of the road (48 mph), so
the maximum travel time between camera points can be derived. The speed of the vehicles
will lie in the range of 0 ≤ Si ≤ Smax . Suppose the camera feeds refresh every tcam−ref resh
seconds, then the distance covered by vehicle(vi ) will be:
Di = Si × tcam−ref resh

(6)

Processing the camera video feeds are computationally intensive and leads to latency.
The given time needs to be added to the current time to know the location of the vehicle.
So, the total distance covered by the vehicle will be:
Di = Si × (tCam−ref resh + processing − latency)

(7)

If the vehicle(vi ) covers the distance Di such that 0 ≤ Di ≤ maxroad−length where
maxroad−length is the distance between two cameras, then this vehicle will be considered as
sample points for traffic calculation. For example, let the distance between camera 2 and 3 is
1 mile (for easier calculation) and vehicle v0 at camera 2 is moving with speed(Si ) of 40mph
which is less than Smax (48mph). Suppose the camera feed refreshes (tcam−ref resh ) every
10 seconds and requires 2 seconds to process (processing − latency) the new video feed. In
such time the v0 will cover distance(Di ) = (40/3600)*(10+2) i.e. 0.13 mile and will be near
point t0 , t1 . Thus, we consider the vehicles which are identified from both the cameras and
the vehicles which are present in the road segments identified from previous feeds to perform
the an appropriate traffic calculation.

7
7.1

Experimental Results
Dataset and Implementation Details

Traffic Camera Data. For the experiments, two trunk roads (Brixton and Kennington)
were selected from the Lambeth borough of London. As mentioned in Section 4, the traffic
camera data feed was obtained from the TfL API by passing the camera location and search
radius. Table 3 shows the list of cameras (total 22) installed on selected roads. A total
3080 video clips with 140 video clips (9 seconds) per camera are processed to identify the
traffic status.
Hardware and Software. The system6 was implemented in Python 3 over the VidCEP
engine [29] running on a 16 core Linux Machine with 3.1 GHz processor, 32 GB RAM and
Nvidia Titan Xp GPU. The microservices were wrapped in Docker containers with Redis
Stream acting as a messaging service among the containers. The OpenCV library was used
for image processing and Darknet and PyTorch 7 deep learning framework were used for object
detection and tracking. GStreamer was used to stream camera video feeds from the TfL API.
OSMNX library fetched road network from OSM and calculated network distance [6].
Creation and Updating of Traffic Overlay over OSM. We used the Leaflet8 JavaScript
library to overlay traffic information over OSM. The Node.js server supporting the Leaflet
application was connected to the back-end system via Redis Streams. The Leaflet ColorLine
class was used to highlight the roads with the given colour intensity.
6
7
8

https://github.com/piyushy1/OSMTrafficEstimation
https://pytorch.org/
https://leafletjs.com/index.html
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Table 3 List of Traffic Cameras for Study.
No.

Brixton Road Cameras

Kennington Road Cameras

C1
C2
C3
C4
C5
C6
C7
C8
C9
C10
C11
C12

Camberwell New Rd/Brixton Rd
Brixton Rd/Island Place
A23 Brixton Rd/Vassell Rd
A23 Brixton Rd/Hillyard St
A23 Brixton Rd/Ingleton St
A23 Brixton Rd/Wynne Rd
Brixton Rd/Stockwell Pk
Acre Lane/Coldharbour Lane
A23 Brixton Hill/Effra Rd
Brixton Hill /Lambert Rd
Brixton Hill / Elm Park
Brixton Hill/Morrish Rd

Kennington Lane/Newington Butts
Kennington Pk Rd/Penton Pl
Kennington Pk Rd/Braganza St
Kennington Pk Rd/Kennington Rd
Kenington Pk Rd/Kennington Oval
A3 Clapham Rd/Elias Place
A3 Clapham Rd/Handforth Street
A3 Clapham Rd/Crewdson Rd
A3 Clapham Rd/Caldwell St
A3 Clapham Rd/Landsdowne Way
A3 Clapham Rd/
NA

Figure 8 Traffic Congestion and Vehicle Speed Information over OSM.

7.2

Empirical Evaluation

Traffic Congestion Visualization over OSM. The traffic congestion is the interpolated
value superimposed over the road segment between the cameras. As discussed in Section
6.1, the number of vehicles, their direction (left or right lane) and speed is calculated. The
congestion is estimated for the road segment between the two cameras using e.q 5. The value
of p =2 is used as the distance decay factor for interpolation. The TfL API upload the video
feeds of 9 seconds (approx. 280 frames), and thus we process them in two TIME WINDOW
of 4.5 seconds (140 frames) each. Using eq. 7, for the second time window, we also estimate
if any vehicle from the previous window is present on the road segment and take this into
consideration for congestion.
Different map services calculate traffic congestion values, but they remain opaque about
their method. For example, Here Maps API provides Jam factor values and divides them
into four jam categories without explaining how the values are calculated. In this work,
count and speed are considered as parameters for congestion estimation; so if the speed of
vehicles is high then the traffic is considered smooth. As per OSM data, the maximum speed
GIScience 2021
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(b) Kennington Road Traffic Camera Statistics

Road

Length
(miles)

Capacity

V/C

LOS

Brixton

2.5

2250

0.31

A

Kenning
ton

1.4

1260

0.35

A

(d) Vehicle to Capacity Ratio

Figure 9 Different Traffic Statistics for Roads Calculated Using Camera Video Feeds.

limit for the selected roads is 48mph (approx. 77km/hr). In Fig. 8, a four-step colour-based
traffic congestion over Brixton Road is shown where- 1)Green - No traffic (45-70 km/hr) 2)
Orange - light traffic (30-45 km/hr), 3)Red - moderate traffic(20-30 km/hr) and 4) Brownhigh traffic(10-20 km/hr). The above-defined congestion parameters range is not static and
can be reconfigured depending on requirements. Fig. 8(right) also shows specific traffic
data available by clicking anywhere along the road. Since we could not perform a direct
comparison with other map services, we can only visually compare that the traffic dynamics
they provide are similar to our proposed technique.
Traffic Flow Rate and Speed. As per Table 1, the Traffic Flow rate (TF) is the number of
vehicles in each lane per unit of time. TF is calculated for small periods and then extrapolated
to larger time scales. For example, if 20 vehicles observed in 10 minutes, then TF will be 120
vehicles per hour [22]. Fig. 9(a) and (b) shows the hourly TF for Brixton and Kennington
roads for both lanes. The camera C5 (Brixton-left lane) and C9 (Kennington-left lane) have
max. flow rate of 410 and 572 vehicles per hour. The reason behind such a low flow rate is
the lockdown measures currently in place in London because of the COVID-19 pandemic
situation. Fig. 9(a) and (b) shows the Traffic Mean Speed (TMS) which is the average speed
of vehicles recorded at a given point for a selected period. The Brixton road TMS ranges
between 18-46 km/hr while that of Kennington is from 20-58 km/hr. Cameras where speed
is below 20 km/hr is due to the video feeds having more red light signals. Fig. 8 shows the
TMS example on the OSM map where markers can be clicked to get the current traffic status
(e.g vehicle speed and count).
Traffic Density and Volume to Capacity Ratio(V/C). Traffic density is the number of
vehicles occupying a unit length of road. The Road Task Force from TfL specifies the capacity
of the road as 900 vehicles per mile. Fig. 9(d) shows the V/C ratio for both roads to identify
the Level of Service (LOS). During the experimentation time, the V/C ratio for Brixton and
Kennington was 0.31 (LOS-A) and 0.35 (LOS-A) respectively. As discussed earlier the lower
V/C ratio is due to lockdown measures as a result of COVID-19 restrictions.
Traffic Prediction Accuracy and Latency. The above-discussed traffic estimates are linked
to the performance of the object detector (YOLO) and tracker (DeepSORT) models. The
error in these models will directly propagate to the traffic estimates and skew the overall
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results. F-score is the standard metric to identify the performance of the classifier. It is the
harmonic mean of precision and recall and is calculated as:
F =

2 ∗ (P recision ∗ Recall)
P recision + Recall

(8)

In eq. 8, the precision is the ratio of relevant events matched and matched events while
recall is the ratio of relevant events matched
relevant events. The mean F-score of each
Pand
n
i=1 Fci
road camera (ci ) is calculated as Fmean =
. A sample of 110 video clips (each of 9
n
seconds) from 22 camera clusters were taken to identify the F-score. Fig. 9(a,b) shows that
the mean F-score of the Brixton and Kennington camera is 0.78 and 0.80 respectively. The
error estimation rate which propagates can be calculated as ER = (actual-approx)/actual*100
and is 22% and 20% respectively for both roads camera clusters. The low F-scores for some
cameras were due to blurred FoV (like Kennington C1), tree shadows (like Kennington C1)
and faulty cameras (e.g. Brixton C9 which was not included).
Latency measures the time required by the framework to process the traffic information
and update it on the OSM. The latency can be divided into two stages: 1) Pre-processing
Latency- the time required by DNN models to process the video stream to track and extract
objects and 2) Traffic Operator Latency- the time required to compute traffic statistics from
pre-processed data and update it on the OSM. Fig. 9(c) shows the box plot of pre-processing
and traffic and system median latency of 0.071 seconds, 1.36 and 1.42 seconds, respectively
which implies a near-real-time performance.

8

Discussion of Limitations

While using camera feeds for traffic estimation poses privacy risks, the cameras are state
infrastructure with publicly available video streams. Open-source software built on top
of the open data infrastructure is more transparent compared to the opaque black-boxes
and data sources which certain corporations have exclusive access. As the quality of OSM
data improves, providing value-added services such as traffic estimation is essential for the
adoption of OSM as a mainstream routing service.
The uniqueness of this work lies in the query-based approach (VEQL) where users can
query multiple video streams by deploying operators (e.g. traffic congestion, flow rate, speed,
etc.) to the system. The framework can be deployed over the cloud and can be exposed
as an API to provide services over OSM. More complex and potential traffic services like
Vehicle Overtake and Lane Change [30] can be queried by creating operators and deploying
them to the system. Our method relies on existing cameras installed along road networks
and most of the limitations arise from camera deployment. For example, some cameras have
sub-optimal FoVs because of obstacles. Cameras in London have a relatively low refresh rate,
in the order of several minutes and provides only 9-second clips in each refresh cycle. Most
of the CCTV’s are installed in well-lit areas so the system can work in the night. Further,
incremental weather may result in object mismatch due to lack of training datasets in such
conditions. The inability to detect vehicles result in errors that propagate to final traffic
computation. We have tested our model on cameras placed over straight roads and the
strategy can be generalized for branched road networks.
In terms of generating visualizations for display over maps, it is possible to use more
complex spatial interpolation (e.g. kriging) and classification techniques to get better
congestion estimates. Using all cameras in a city will significantly improve the sample size
and provide better performance in the interpolation step leading to more accurate estimates of
travel time. The various measures of traffic we offer can also be used to create comprehensive
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dashboards for communicating multi-dimensional aspects of traffic state. Finally, other open
data streams (e.g. General Transit Feed Specification) can also be integrated to supplement
traffic state calculations and estimation of travel times using different transport modes.

9

Conclusion

We have presented a traffic estimation framework built on open video streams based on opensource deep learning technology. We have exposed the results and data through visualizations
on OSM. Exploiting the data from the video streams enabled us to extract traffic-related
parameters beyond simple vehicle counts. Combining these multiple parameters provides
opportunities to present a multidimensional analysis of the traffic state. For example, during
interpolation, we treated each vehicle as a sample point and its speed as weight, thus factoring
in both vehicle density and flow in the estimation of traffic. Users can utilize these parameters
to calculate their own metrics for congestion. The VEQL query empower users to create
their rules and deploy them as services for traffic-related events. We aim to deploy this
service across multiple cities which make their traffic camera feeds available to be able to
provide a comprehensive traffic state estimation service over OSM. We hope that places that
do not make their feeds available publicly will adopt our open-source framework to provide
their traffic estimation API to be consumed over OSM. Widespread adoption will provide
the currently lacking feature of traffic state information on OSM and will be a step towards
making OSM a viable alternative to commercial digital map service providers.
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