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Abstract
We present QualiNet, an end-to-end deep learning framework that acquires Bird’s Eye View (BEV)
qualitative spatial relations directly from 2D images, eliminating the need for depth sensors. The
system combines 2D object detection, masking, and classification to infer Rectangle Algebra (RA)
and Qualitative Distance Calculus (QDC) relations. Evaluated on NuScenes and PandaSet datasets,
QualiNet achieves 91% accuracy for RA, 80% for QDC, and 99% top-2 accuracy, demonstrating
robust performance for automated vehicle perception.
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1 Introduction

Automated vehicle perception traditionally relies on quantitative methods that struggle with
complex real-world scenarios [1]. Qualitative representations offer a promising alternative
by capturing relative spatial relationships through calculi like Rectangle Algebra (RA)
and Qualitative Distance Calculus (QDC) [15]. These methods simplify complex spatial
information while aligning with human reasoning patterns [16, 2].

Current approaches for building qualitative representations [8, 4] typically require expens-
ive sensors (LiDAR, depth cameras) and significant computational resources. We present
QualiNet, an end-to-end deep learning framework that acquires Bird’s Eye View (BEV)
qualitative representations directly from 2D images using object detection and classification.
Our method is validated on NuScenes [6] and PandaSet [18] datasets.

2 Related Work

Recent advances have demonstrated the effectiveness of qualitative representations across
multiple domains. In action recognition, qualitative state transitions [19, 14] and relation
chains [12] have proven valuable for capturing action semantics. For autonomous driving,

© Nassim Belmecheri;
licensed under Creative Commons License CC-BY 4.0

32nd International Symposium on Temporal Representation and Reasoning (TIME 2025).
Editors: Thierry Vidal and Przemysław Andrzej Wałęga; Article No. 14; pp. 14:1–14:6

Leibniz International Proceedings in Informatics
Schloss Dagstuhl – Leibniz-Zentrum für Informatik, Dagstuhl Publishing, Germany

mailto:nassim@simula.no
https://orcid.org/0000-0003-3436-0154
https://doi.org/10.4230/LIPIcs.TIME.2025.14
https://github.com/nassimbel/QualiNet.git
https://archive.softwareheritage.org/swh:1:dir:a4900663aeb84632699b0217f7a7f98014466c00;origin=https://github.com/nassimbel/QualiNet;visit=swh:1:snp:425d9e3015b7c13a2d10dfb966d88146d85121d7;anchor=swh:1:rev:95ded8256592cacf31eeca422dd61aa8515f74ad
https://creativecommons.org/licenses/by/4.0/
https://www.dagstuhl.de/lipics
https://www.dagstuhl.de


14:2 QualiNet: BEV Qualitative Spatial Representation of Automated Driving Perception

neuro-symbolic integration [17] and BEV qualitative representations [2] enhance both scene
understanding and system explainability. Spatial knowledge acquisition methods show
particular diversity, ranging from implicit templates [9] to force histograms [5] and hybrid
symbolic-neural approaches [10]. While current methods typically depend on 3D sensors [13],
our QualiNet system uniquely acquires BEV spatial relations directly from 2D images,
eliminating the need for specialized depth sensing hardware.

Background

Perception in Automated Vehicles
Perception is crucial for automated vehicles to understand and interact with their environment.
This involves processing data from various sensors like LiDAR, radar, and cameras [1].

2D perception, primarily using cameras, analyzes images to identify objects but lacks
depth information, making distance and size estimation challenging [11].

3D perception overcomes this limitation by incorporating depth information from stereo
cameras or LiDAR. This enables accurate spatial understanding and object localization, vital
for safe and reliable autonomous navigation [7].

Qualitative Spatial Calculus
A qualitative calculus operates over domain D (e.g., R2) with binary relations Γ =
{r1, . . . , rm} that are jointly exhaustive and pairwise disjoint. We employ:

QDC [15]: Distance relations (very close, close, normal, far)
RA [15]: Rectangle relations from Allen’s Interval Algebra (before, meets, overlaps, etc.)
on x/y axes

A scene S = (V, O, R) consists of frames V , objects O, and their relations R.

Transforming Images into BEV Qualitative Constraint Networks
We represent detected objects and their spatial relations as a qualitative graph G = (O,R),
where O is the set of objects and R their qualitative relations from language Γ. Each object
belongs to a single category (e.g., car, pedestrian).

Using the ego vehicle as reference object o0, we construct a star graph G∗ = (O,R∗)
with relations between o0 and other objects. The complete graph G is built through relation
composition: Rij = R0i ◦R0j ∀(oi, oj) ∈ O2, i ̸= j using path consistency enforcement [15]
until convergence.

Image to Relation Data Construction
We denote by D = {(Ii,R∗

i , o0)}N
i=1 a dataset of tuples consisting of 2D images Ii, qualitative

relations R∗
i between BEV detected objects and the reference object o0 (ego vehicle). This

dataset serves as the training data for QualiNet, enabling the model to learn the mapping
between visual information and qualitative spatial relations.

Consider I2BEVQR as a function that maps a 2D image I to the set of qualitative
relations R∗ between the detected objects and the reference object o0. I2BEVQR takes a 2D
image I as input and outputs the set of qualitative relations R∗ between the detected objects
and the reference object o0. R∗ represents the labels for I. For each image, the function
extracts the objects with their categories and bounding boxes, including the ego-vehicle. It



N. Belmecheri 14:3

then constructs a star graph with the ego-vehicle as the central node and other objects as
peripheral nodes. Using the QXG-builder tool [4, 2] and the specified algebra, it determines
the qualitative spatial relations between the ego-vehicle and each object. These relations,
along with the image and the ego-vehicle information, are added to the dataset.

Learning to Acquire Qualitative Relations
We defineM as a function that takes a 2D image I and returns a binary mask M indicating
the presence of detected objects: M : I → M where M is a binary matrix of dimensions
H ×W such that:

M(i, j) =
{

1 if pixel (i, j) belongs to a detected object
0 otherwise

This masking process helps to focus the attention of the deep learning model on the
relevant regions of the image, improving the accuracy and efficiency of spatial relation
extraction.

The QualiNet (Algorithm 1) takes as input the training dataset, learning rate, number
of epochs, and predefined architectures for the CNN and the MLPclassifier. It outputs a
trained QualiNet model.

Algorithm 1 QualiNet Training Algorithm.

Input: Dataset D = {(Ii,R∗
i , o0i)}N

i=1, Epochs E, CNN architecture, MLPClassifier
architecture

Output: Trained QualiNet model FQualiNet
Initialize CNN with a predefined architecture
Initialize Classifier with a predefined architecture
for epoch← 1 to E do

for (I,R∗, o0) ∈ D do
for oj ∈ O \ {o0} do

M ←M(I, oj)
Fj ← CNN(M)
R̂0j ← MLPClassifier(Fj)
L← Loss(R̂0j ,R∗

j )
Update parameters of CNN and Classifier using gradient descent

return FQualiNet

3 Experiments

This section outlines the experimental setup and results for evaluating QualiNet’s performance.
Since our approach is novel, there are no direct baselines for comparison. Instead, we focus
on showcasing QualiNet’s capabilities and analyzing its behavior. Our evaluation aims to
investigate how accurate is QualiNet’s top predictions (Top 1 and Top 2 accuracy)?

We used the NuScenes [6] dataset for evaluation. NuScenes includes diverse urban scenes
captured from multiple sensors. We utilized both the full dataset (NuScenes-Large) and a
smaller subset (NuScenes-mini).
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QualiNet is implemented in PyTorch using a ResNet-152 CNN for feature extraction and
an MLP for classification. The model is trained with SGD and a learning rate scheduler.
Data is split 70:30 for training and validation, and performance is evaluated over five runs
using Top 1 and Top 2 accuracy.

The original dataset exhibited severe imbalance: QDC “far” (42% samples) vs “very close”
(3%). After augmentation, all relations have 500±20 samples.

We assess QualiNet’s performance using the following metrics:
Accuracy (Top 1): Percentage of correct top predictions. Accuracy (Top 2): Per-

centage of cases where the correct relation is among the top two predictions.
All datasets were transformed using the I2BEV function to generate the training and

testing data. During data construction, impossible RA relations for each camera were
removed to ensure the training data accurately reflects observable spatial relationships.

The code for QualiNet and the experiments presented in this paper is available at:
https://drive.google.com/drive/folders/1K9ViuyM4s_IwkcaCd3b1KYAhh0P3j1BH?usp=sharing

3.1 Results

The results presented in this section are averaged over all the datasets test sets used in the
evaluation.

Table 1 Top-1 and Top-2 Accuracy by camera: CF (Front), CFL (Front-Left), CFR (Front-Right),
CB (Back), CBL (Back-Left), CBR (Back-Right).

SensorRelationTop-1 AccuracyTop-2 Accuracy
CF RA 0.93 0.98

CFL RA 0.92 0.96
CFR RA 0.92 0.96
CB RA 0.94 0.99

CBL RA 0.88 0.93
CBR RA 0.89 0.96
CF QDC 0.78 0.94

CFL QDC 0.78 0.93
CFR QDC 0.77 0.93
CB QDC 0.77 0.94

CBL QDC 0.78 0.94
CBR QDC 0.78 0.93

Table 1 presents the Top-1 and Top-2 accuracy of QualiNet for different camera sensors
and relation types. As shown, the Top-1 accuracy ranges from 76% to 94%. However, the
Top-2 accuracy is consistently higher, ranging from 90% to 99%. This indicates that even
when QualiNet’s top prediction is not the exact ground truth relation, it often includes the
true relation within its top two guesses. This observation answers RQ1 by demonstrating
that QualiNet exhibits high accuracy in predicting spatial relations, particularly when
considering the Top-2 accuracy, which is important for building satisfiable qualitative graphs.
The model has some limitation that will be addressed in future works. The limitations
include: Small/Distant Objects: Performance degrades for objects <50px in size (15%
accuracy drop) due to limited visual information. Detection Sensitivity: Sensitive to
object detection errors (10% error propagation to relation classification).

https://drive.google.com/drive/folders/1K9ViuyM4s_IwkcaCd3b1KYAhh0P3j1BH?usp=sharing
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4 Conclusion

We presented QualiNet, a novel framework for acquiring BEV qualitative spatial relations
directly from 2D images, eliminating the need for expensive depth sensors. Experimental
results demonstrated high accuracy (>90% Top-2) across multiple relation types and camera
views, with 92% of predicted graphs being fully consistent. Future work will extend QualiNet
to dynamic scenes and enhanced occlusion handling.
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