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Abstract
Sensor fusion algorithms combine data from multiple sensors to produce more accurate and reliable
results. However, temporal misalignment between sensors, caused by factors such as clock drift, jitter
or networking delays, can significantly degrade fusion quality. Prior work on modeling temporal
misalignment in sensor fusion algorithms assumes that in the ideal case all samples should be aligned
with the same reference time point. We show that this assumption limits its applicability when
samples are intentionally taken at different time points, e.g., when a single sensor is sampled multiple
times or when sensors operate at different frequencies.

In this paper, we introduce alignment sets, which allow system designers to explicitly specify the
intended alignment between samples. This flexibility enables more precise temporal misalignment
measures that better reflect the actual requirements of sensor fusion scenarios. We prove that
alignment sets generalize the prior definitions of temporal misalignment of sensor fusion algorithms.
We also provide an evaluation on a camera-LiDAR fusion pipeline for 3D object detection, showing
that alignment sets provide more accurate misalignment measures and robustness estimates.
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(a) Reference-point-based temporal misalignment.
The reference point t⋆ is the ideal sampling time
for both sensors. Sensor S1 samples at time t⋆ + δ,
while sensor S2 samples at the reference point t⋆.
The temporal misalignment of sensor S1 is δ, while
the temporal misalignment of sensor S2 is 0.
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(b) Reference-point-based temporal misalignment
fusing two samples of the same sensor. Even if
both samples are correctly synchronized, since they
are not captured at the same time point, there
is misalignment, independent from the choice of
reference point.

Figure 1 Reference-point-based temporal misalignment for different sensors (left) and the same
sensor (right).

1 Introduction

Many cyber-physical systems, like autonomous vehicles and robotic systems, observe the
environment with sensors and act based on the perceived data. In many situations, data
from multiple sensors, which are designed for different purposes, must be combined to
achieve a complete picture of the environment; a process referred to as sensor fusion [4]. For
example, the 3D location of objects is often estimated by combining a LiDAR sensor’s depth
information with semantic information derived from camera images.

It is essential for the system’s safety that the reliability and performance of sensor
fusion can be guaranteed, since incorrect fusion may result in wrong decisions with severe
consequences. The robustness metric refers to the resilience of a fusion function to small input
perturbations. It allows estimating the correctness and reliability of a process. Robustness
towards noise [3, 15] or adversarial attacks [21,27,29] has been studied.

Temporal misalignment occurs when the sensor data used for fusion are not based on the
same physical time (e.g., due to clock drift, jitter, network delays in distributed systems, or
varying processing times). It is generally acknowledged as a problem that highly impacts
fusion quality and therefore needs to be mitigated [1]. Methods for temporal synchronization
are comparatively well studied [5, 17, 20,22, 31]. De Silva et al. [5] look into spatio-temporal
calibration, though they mainly focus on spatial calibration. They experimentally note that
bad temporal calibration can lead to substantial errors, but do not aim to give guarantees.
These methods are complementary to work on providing robustness guarantees.

While temporal misalignment is a well-known practical issue [1], the first formal definitions
and methods to analyze the robustness of sensor fusion algorithms against it have only recently
been introduced by Kuhse et al. [16]. Their definitions model misalignment by establishing a
single reference point, defining a sensor’s misalignment as the distance of its actual sample
time to this reference point. Finkenzeller et al. [11] build on top of their definition to analyze
the robustness of sensor fusion against desynchronization attacks. Sinnema and Maggio [26]
further study the impact of temporal misalignment on control systems in a formal manner.
With temporal misalignment potentially being a major vulnerability of sensor fusion, they
are also a potential attack vector for adversarial attacks on sensor fusion [11,25].

Figure 1a illustrates the key concept of the reference-point model by Kuhse et al. [16]. It
explicitly assumes that, in the ideal case, all sensor samples are taken at the same reference
point t⋆. Yet, in some scenarios samples are intentionally taken at different time points by
design. For example, samples are not expected to be taken at the same time point (i) when
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fusing two samples from the same sensor, or (ii) when sensors operate at different frequencies.
Hence, there is an intended offset between samples and assuming the same reference point
for all samples leads to an overestimation of the actual temporal misalignment, which in turn
produces overly pessimistic robustness guarantees, as shown in Figure 1b.

A related area is Signal Temporal Logic (STL) [18], which allows specifying the behavior
of signals, such as requiring a predicate to hold within some time after another predicate
becomes true. A central topic in STL is its robustness, which quantifies the distance of a
signal to the boundary between the set of signals satisfying a formula and the set violating
it [9]. Several works and tools, such as Breach, provide practical means of computing this
robustness approximately, with two formulas equivalent under Boolean semantics potentially
having different robustness values [6–8,10]. Rino et al. [23,24] recently showed that computing
the precise temporal robustness of a signal with respect to a formula is NP-hard in general,
though a useful fragment (i.e., a restricted subset of the logic) exists for which the complexity
is linear regarding signal and formula size. While complex alignment requirements could be
expressed in STL, this motivates a specialized framework for sensor fusion robustness.

Our Contributions. We observe that not all sensor samples have the same alignment
requirements. What constitutes the right alignment can be highly dependent on the specific
application. Therefore, a more flexible and precise way of defining temporal misalignment
is needed to express these alignment requirements. Towards this, we introduce alignment
sets, a method that allows system designers to explicitly define the alignment constraints
between samples. This enables more accurate definitions of temporal misalignment and
robustness for sensor fusion. Alignment sets can account for intended offsets, different
alignment requirements between different samples, and an invariance to shared time shifts
between samples. Specifically, we provide the following contributions:

In Section 4, we introduce alignment sets and use them to define temporal misalignment
measures and temporal robustness notions that capture the intended timing requirements
of a sensor fusion setup more precisely.
In Section 5, we show that the resulting alignment-set-based robustness notion generalizes
the temporal robustness definitions by Kuhse et al. [16].
In Section 6, we evaluate alignment sets on a camera-LiDAR fusion setup for 3D object
detection and show that they yield more precise temporal misalignment measures and
robustness guarantees than the definitions by Kuhse et al. [16].

2 Motivation: Temporal Misalignment in Camera-LiDAR Fusion

Prior work on modeling temporal misalignment in sensor fusion algorithms is based on the
notion of a reference point [16]. The core assumption is that, in the ideal case, all sensors
sample at the same reference time point t⋆. Misalignment is then defined as the maximum
amount of time by which any sensor’s sample deviates from this reference point. This applies
to both the reference-point-based (see Section 5.1 for details) and sample-point-based temporal
robustness definitions (see Section 5.2 for details) by Kuhse et al. [16], which only differ in
how the reference point is chosen: either as a fixed point in time (reference-point-based) or
as a point within a range of the samples (sample-point-based).

To demonstrate the shortcomings of these temporal misalignment definitions and the
need for more accurate definitions to quantify temporal misalignments, we consider a camera-
LiDAR 3D-object-detection pipeline. The fusion mechanism combines the 2D bounding
boxes based on images from the camera with the 3D bounding boxes from the LiDAR point
cloud to produce final 3D bounding boxes.

ECRTS 2026
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Figure 2 A fusion of two camera samples with a single LiDAR sample.

In practice, camera and LiDAR sensors often operate at different frequencies. A common
scenario is that the camera offers a higher frame rate than the LiDAR. Suppose that camera
sensors operate at 10 Hz and the LiDAR sensor operates at 5Hz. Hence, if no data should
be dropped, multiple camera images must be fused with a single LiDAR point cloud. One
possibility is to adopt an interpolation approach, where (i) the bounding-box data of two
camera images are matched and averaged, and then (ii) are fused with a single LiDAR point
cloud. This configuration of sensor fusion is depicted in Figure 2.

Hence, the assumption that all sensors should sample at the exact same reference time
point does not hold for the camera- LiDAR 3D-object-detection pipeline, since there is always
an offset between the two camera samples. One way to still apply the temporal misalignment
in [16] is to choose the same reference point for the two camera samples. However, this can
lead to very pessimistic estimation of the actual temporal misalignment, as shown below.

▶ Example 1. As the camera samples at 10Hz, two camera images are 100ms apart. The
reference point t⋆ that minimizes the maximum temporal distance to both images is 50ms away
from each image, as shown in Figure 3. This results in an imprecise measure of temporal
misalignment even if the system works perfectly, as it is designed to have two sampling points.

Let us consider that the camera does not sample perfectly with a 10Hz frequency.
Specifically, let us assume that each sampling can drift away from the sampling point by
±1ms, as shown in Figure 3. In this case, the reference point that minimizes the temporal
distance to both images is 51ms away from these two images. Using a reference point cannot
differentiate the temporal misalignment caused by the temporal drift (jitter) of the sampling
points and the offset due to the interpolation of two images from different sampling points.

Therefore, the approach by Kuhse et al. [16] cannot capture the example without overes-
timation, nor can it differentiate definition-induced misalignment from actual misalignment.
Hence, we need definitions and models that can express requirements on how samples should
be aligned. We develop this step-by-step, starting with an extended sensor fusion model
that supports multiple samples per sensor is introduced in Section 3 and culminating in our
proposed definitions based on alignment sets in Section 4.

3 Sensor-Fusion Model

We consider a system with n sensors S1, . . . , Sn. Each sensor produces a stream of measured
values at given time points, and we denote the sensor data of sensor Si at given time point
t as Si(t). Formally, Si is defined as a function from the time domain R≥0 to the space of
measurement values Xi. Specifically, Si : R≥0 → Xi.
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Figure 3 For a reference time point t⋆ in the middle between the two camera samples, reference-
point based temporal misalignment definitions quantifies the misalignment of a perfectly working
system with 50ms (red). When allowing a jitter of ±1ms (green) to each camera sample, the
misalignment is given as 51ms (blue).

Considering our motivational example in Section 2, there is one camera sensor Scam and
one LiDAR sensor SLiDAR. After initial processing, the camera sensor produces 2D bounding
boxes as measurements, while the LiDAR sensor produces 3D bounding boxes. Thus, we
have Xcam as the space of 2D bounding boxes and XLiDAR as the space of 3D bounding boxes.
The k-th sample of sensor Si is taken at a specific time point ti,k ∈ R≥0, denoted as Si(ti,k).
The fusion function takes a fixed number mi of samples from each sensor Si as input.

We collect all timestamps used in a specific fusion into a timestamp tuple:

T = (T1, . . . , Tn) ∈ T with T = Rm1
≥0 × · · · × Rmn

≥0

where Ti = (ti,1, . . . , ti,mi
) ∈ Rmi

≥0 is the timestamp vector for Si and T is the space of all
sample timestamp tuples that could be fused (without assumptions about timestamp order).

For our motivational example, we have mcam = 2 and mLiDAR = 1 (i.e., two camera
samples and one LiDAR sample are fused). The timestamp tuple is T = (tcam,1, tcam,2, tLiDAR).

Let S = {(Si, k) | i ∈ {1, . . . , n}, k ∈ {1, . . . , mi}} denote the set of all sensor samples
involved in a fusion. For a sample s ∈ S, we write ts for its timestamp. The concrete sensor
samples in the motivational example are S = {(Scam, 1), (Scam, 2), (SLiDAR, 1)}.

Underlying the fusion is a sensor-fusion algorithm F that takes the collected sensor
samples and produces a fused output in a space Y:

F : Xm1
1 × · · · × Xmn

n → Y

For our study of temporal misalignment, we consider F as an arbitrary function (black box).
For our motivational example, the fusion algorithm F is composed of an averaging

operation Favg combining the two camera detections cam1, cam2 and a projection-based
fusion function Fprojection that combines this average with the LiDAR detection LiDAR:
F (cam1, cam2, LiDAR) = Fprojection

(
Favg(cam1, cam2), LiDAR

)
.

To describe the temporal misalignment and its impact on the robustness of the sensor
fusion algorithm, we only need to consider how the fusion output changes relative to changes
in the timestamps of the sensor samples. We therefore define a fusion function f : T → Y
that maps the timestamps of the sensor samples to the fused output. Given a function
sample : T → Xm1

1 × · · · × Xmn
n that maps the timestamps to the corresponding sensor

samples, the fusion function is defined as:

f(T ) = F (sample(T ))

For example, in our camera-LiDAR fusion scenario, the fusion function f is defined as:

f((tcam,1, tcam,2, tLiDAR)) = F (sample((tcam,1, tcam,2, tLiDAR)))

ECRTS 2026
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Figure 4 Anchored alignment: a sample from a sensor s should align to a fixed time point t⋆

(called anchor). The actual sample occurs at t⋆ + δ, inducing a misalignment of δ.

All subsequent definitions of temporal misalignment and robustness against temporal mis-
alignment will use this fusion function f , avoiding the need to explicitly refer to the underlying
fusion algorithm F or the sensor samples.

4 Misalignment Functions

In this section, we provide a new definition of temporal misalignment based on alignment sets.
As discussed in Section 2, prior definitions [16] of temporal misalignment assume that perfect
alignment means that all samples are taken at the same moment in time, an assumption that
is too restrictive. Alignment sets are a more flexible mechanism of quantifying misalignment,
which allows more precise measurement of misalignment and robustness against it.

The core idea of alignment sets is that the meaning of aligned depends on the specific
application and fusion mechanism. Alignment sets are a structured way to specify these
alignment requirements. In Section 4.1, we introduce alignment constraints, the building
blocks of alignment sets, which specify what perfect alignment means for individual sensor
samples. Multiple alignment constraints form an alignment set (Section 4.2), which specifies
the intended synchronization for a fusion function. Individual constraints have a corresponding
measure of how far an actual timestamp deviates from the ideal case. Aggregating these
individual constraint deviations obtains an overall misalignment for a given timestamp tuple T .
We provide a definition of temporal robustness based on alignment sets in Section 4.3.

4.1 Alignment Constraints

Alignment constraints specify the intended synchronization at the level of individual sensor
samples. Misalignment is how far the actual timestamp of a sample deviates from the
intended synchronization specified by the alignment constraint. An individual alignment
constraint describes where the time point ts of a sample s should ideally be, by specifying
the relationship of ts to other sample timestamps or fixed time points. Given a timestamp
tuple T , one can then quantify how far ts deviates from this ideal case as a residual.

We first provide examples of common alignment scenarios, based on the motivational
example from Section 2, and observe that earlier examples are special cases of later examples.
We provide a unifying formal definition, showing how it captures all these scenarios.

Scenario 1: Alignment to a fixed time point. The actual time point of a sample s should
be aligned with a fixed, ideal time point t⋆. We call such a fixed time point an anchor. This
ideal time point purely specifies when (with perfect alignment) s should be sampled. We
denote such a constraint as s ∼ t⋆. Given the actual timestamp ts, this constraint induces a
resulting misalignment ts − t⋆. Figure 4 illustrates anchored alignment.
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Figure 5 Alignment to another sample for two sensors S1 and S2 with samples aligned with an
offset θ. Only when disproportionate shifts occur is the misalignment δ affected.

Such a constraint is similar to the notion of the temporal misalignment defined by Kuhse
et al. [16] (illustrated in Figure 1a), but with the important difference that the reference
point t⋆ is specified separately for each constraint. For instance, this scenario allows to
specify that two camera samples should be taken at different time points.

Scenario 2: Alignment to another sample. Here, the relative alignment between samples
is more important. That is, the exact time points of the samples may not be important, as
long as they are aligned with each other in the right way. Hence, if both samples are shifted
by the same amount, the fusion algorithm still works perfectly. We denote such an alignment
as s2 ∼ s1 + θ, specifying that s2 ∈ S should occur at offset θ ∈ R from a reference sample
s1 ∈ S, with a resulting misalignment ts2 − ts1 − θ. Figure 5 illustrates this scenario for two
sensors S1 and S2 with samples s1 and s2.

For instance, in our motivational example, the second camera sample should be taken at
a specific offset θ from the first camera sample, dependent on the camera frame rate.

Scenario 3: Alignment to a combination of samples. The alignment constraint does not
depend on a single sample but on the combination of multiple samples. For instance, in our
motivational example, the LiDAR sample is fused with the average of the two camera samples.
Hence, the fusion algorithm also assumes that the LiDAR sample is aligned in the middle of
the two camera samples. This is equivalent to aligning to a weighted combination of both
camera samples, which we denote as s ∼ 1

2 s1 + 1
2 s2, with a misalignment ts − 1

2 ts1 − 1
2 ts2 .

Based on this, we provide a unifying formal definition of alignment constraints, which
captures all the above scenarios as special cases.

▶ Definition 2 (Alignment Constraint). An alignment constraint C specifies that a sample
s ∈ S, the constrained sample, should occur at a weighted combination of reference
samples plus an offset:

C : s ∼

(∑
r∈R

wr · r

)
+ θ (1)

where R ⊆ S is a set of reference samples, wr ∈ R are weights, and θ ∈ R is an offset. The
induced misalignment MC(T ) of constraint C given a timestamp tuple T is:

MC(T ) = ts −

(∑
r∈R

wr · tr

)
− θ (2)

Alignment to an anchor corresponds to R = ∅ with θ = t⋆
s . Alignment to another sample

corresponds to R = {r} with wr = 1. Alignment to a midpoint between r1 and r2 corresponds
to R = {r1, r2} with wr1 = wr2 = 1

2 and θ = 0.

ECRTS 2026
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(a) Anchored alignment. The alignment set A for
three samples s1, s2, s3 aligned to three anchors t⋆

(dotted green), t⋆ + θ (dotted red), t⋆ + θ
2 (dotted

blue), respectively. The alignment constraints are
C1 : s1 ∼ t⋆ (green), C2 : s2 ∼ t⋆ + θ (red), and
C3 : s3 ∼ t⋆ + θ

2 (blue), alongside their misalign-
ment MC1 (T ), MC2 (T ), and MC3 (T ).

�1 s1 s2

'2 s3

MC1(T )

MC2(T )

θ

s1+s2
2

(b) Relative alignment. An alignment set A for
three samples s1, s2, s3 where no anchors are used,
with constraints C1 : s2 ∼ s1 + θ (red), and
C2 : s3 ∼ 1

2 s1 + 1
2 s2 (blue), alongside their induced

misalignment MC1 (T ) and MC2 (T ) for an example
timestamp tuple T .

Figure 6 Anchored vs. Relative alignment sets.

4.2 Alignment Sets
A single alignment constraint specifies the intended timing of one sensor sample. However, for
more complex fusion functions, a single alignment constraint is often insufficient to capture
the intended synchronization. Multiple constraints together are needed to describe the
intended synchronization. In the example from Section 2, both the relationship (i) between
the two camera samples, and (ii) between the camera samples and the LiDAR sample are
relevant for synchronization. Alignment sets combine multiple alignment constraints into a
specification of how all sensor samples involved in a fusion function should ideally be aligned.

Formally, we define alignment sets as finite sets of alignment constraints over samples S.

▶ Definition 3 (Alignment Set). An alignment set is a finite set A of alignment constraints
on the sample set S.

We call an alignment set ordered if it has no cyclic dependencies between samples.

▶ Definition 4 (Ordered Alignment Set). An alignment set A is called ordered if it admits
an ordering C1, . . . , C|A| such that for any constraint Ci : si ∼

(∑
r∈Ri

wr · r
)

+ θi, each
reference sample r ∈ Ri:

is unconstrained (i.e., r is not the constrained sample of any constraint in A), or
is constrained earlier (i.e., r is the constrained sample of a constraint Cj with j < i in
the ordering).

We provide two examples of alignment sets for the camera-LiDAR fusion scenario from
Section 2. The exact alignment requirements depend on the specific application. Depending
on the application’s requirements, it is therefore possible that multiple different alignment
sets are reasonable for the same fusion function. A key question is whether the perfect
alignment is anchored to specific time points or whether only their relative timing matters.

▶ Example 5 (Anchored Alignment Set). If the fusion expects the data to reflect a specific point
in time, then perfect alignment requires that the samples are taken at specific, predetermined
time points. Suppose that the temporal alignment requires that the first camera sample
should be taken at time t⋆, the second camera sample at time t⋆ + θ (where θ is determined
by the camera frame rate), and the LiDAR sample should be taken at the midpoint between
the two anchors, which is t⋆ + θ

2 . This is captured by the alignment set

Aanchored =
{

C1 : s1 ∼ t⋆, C2 : s2 ∼ t⋆ + θ, C3 : s3 ∼ t⋆ + θ

2

}
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which is illustrated in Figure 6a, showing the constraints and their induced misalignments
for an example timestamp tuple T . All three samples are aligned to anchors. Hence, low
misalignment means that the fusion result corresponds to these specific time points.

▶ Example 6 (Relative Alignment Set). Assume it is sufficient that the samples are aligned
with each other, but not to specific time points. For instance, assume the two camera samples
should be aligned with an offset θ and the LiDAR sample should be aligned in the middle of
the two camera samples. The resulting alignment set is:

Arelative = {C1 : s2 ∼ s1 + θ, C2 : s3 ∼ 1
2 s1 + 1

2 s2},

which is illustrated in Figure 6b, showing the constraints and their induced misalignments
for an example timestamp tuple T .

4.3 Robustness Against Temporal Misalignment
For an alignment set A, we now explain how to evaluate the misalignment function and the
robustness against temporal misalignment constrained by the alignment set. We start from a
general definition of a misalignment function.

▶ Definition 7 (Misalignment Function). Given an alignment set A and an aggregation
function g : R|A| → R≥0, A’s misalignment function MA : T → R≥0 is defined as:

MA(T ) = g
(
(MC(T ))C∈A

)
(3)

where (MC(T ))C∈A is a vector of individual misalignments for all constraints in A.

The function g can be any statistical functions or extremum functions. We give a bound on
the time complexity of evaluating this misalignment measure MA(T ).

▶ Lemma 8. Given an alignment set A and timestamp tuple T , the misalignment function
MA(T ) operates in O(G(|A|) + |A| · k) time complexity, where |A| is the cardinality of the
alignment set A, k is maxC∈A |RC |, and O(G(|A|)) is the time complexity to evaluate the
function g

(
(MC(T ))C∈A

)
.

Proof. The misalignment MC = ts −
∑

r∈RC
(wr · tr) − θC of a single constraint is a weighted

sum over at most k referenced samples, with a time complexity of O(k). The complete
misalignment vector (MC(T ))C∈A has therefore a time complexity of O(|A| · k). Aggregating
this through g then adds O(G(|A|)), giving a total time complexity of O(G(|A|)+ |A| ·k). ◀

In case the aggregation function g operates in linear time, which applies to simple
aggregation functions like extremum functions and combinations of them, the time complexity
of Lemma 8 is then (|A| ·k), used in our experiments in Section 6. A finer analysis accounting
for the geometry of constraints from g is left to future work (see Section 7).

A fusion function is robust against temporal misalignment when a small temporal
misalignment only cause a small error in the fusion output. Given a misalignment function MA,
we formalize this intuition as follows: whenever the misalignment measured by MA(T ) is at
most ∆, the fusion error quantified by some error function E should be at most ϵ.

▶ Definition 9 (ϵ-∆-Temporal Robustness). Let MA : T → R≥0 be a misalignment function
for an alignment set A that quantifies the temporal misalignment between sensor timestamps.
Let E : T × Y → R≥0 be a function that measures the error of the sensor fusion output.

For a sensor fusion function f : T 7→ Y, error threshold ϵ > 0, and maximum misalign-
ment ∆ > 0, we say that f is ϵ-∆-temporally robust if and only if:

∀T ∈ T : (MA(T ) ≤ ∆ =⇒ E(T, f(T )) ≤ ϵ) (4)

ECRTS 2026
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What constitutes an appropriate error function E heavily depends on the specific application
domain and fusion function. As an example, for a camera-LiDAR fusion function, the error
function E could measure the deviation of detected object positions from their true position.
One robustness guarantee of ∆ = 10ms and ϵ = 0.5m would then mean that as long as all
samples are within 10 ms of their ideal timestamps (MA(T ) ≤ 10ms), the position error of
detected objects is at most 0.5 meters (E(T, f(T )) ≤ 0.5m).

The robustness guarantee requires a domain specific error function. A natural choice
is to compare the fusion output under misaligned timestamp tuples to the output under
a timestamp tuple with no misalignment, measuring how much misalignment changes the
result. When there are multiple timestamp tuple with no misalignment, some choice needs
to be made as to which is compared to.

5 Generalization of Prior Robustness Definitions

In this section we compare our alignment set method to prior definitions of temporal
misalignment and robustness, and discuss challenges and limitations. Alignment sets build
upon and generalize the previous definitions of temporal misalignment and robustness. We
show how the previous definitions [16] can be modeled within the alignment set method,
proving that alignment sets are a strict generalization of these previous definitions.

5.1 Reference-point based Temporal Robustness
Reference-point-based temporal robustness as given by Kuhse et al. [16] is based on a single
reference time point t⋆ and considers misalignments of the sensor samples with respect to
this reference point. That is, given a reference time point t⋆, analogous to the ϵ-∆-temporal
robustness in Definition 9, the sensor fusion function f is considered robust against temporal
misalignment for a misalignment threshold ∆ and error threshold ϵ if and only if:

∀t1, . . . , tn ∈ [t⋆ − ∆, t⋆ + ∆] : L(f(t⋆, . . . , t⋆), f(t1, . . . , tn)) ≤ ϵ (5)

where L is a loss function that measures the difference between the fused output at time t

and the fused output at the reference time point t⋆.
We note that this loss function L is different from our error function E in Definition 9: L

directly compares two fusion outputs, while E quantifies the error of a fusion result given
timestamps T . Our E is more flexible, as shown in the proof of Lemma 10, their loss function
can be embedded into our error function by defining E(T, f(T )) = L(f(t⋆, . . . , t⋆), f(T )). We
chose to generalize the error function as reference-point-based robustness and sample-based
robustness (Section 5.2) used L differently, comparing against a fusion at a single reference
point and against multiple fusions in a range of reference points, respectively. The error
function E allows both of these situations to be captured as special cases, while also allowing
for more general error functions that do not necessarily compare against a reference point
fusion output (e.g., an error function that directly quantifies the error of the fusion output
without comparing it to a reference point fusion output).

We show that alignment set based robustness is a strict generalization via proof by con-
struction, showing that this definition can be captured by an alignment set with appropriate
constraints, misalignment measure, and error function.

▶ Lemma 10. There exists an alignment set A, a misalignment measure M , and an error
function E such that the alignment set robustness condition:

(∀T, [MA(T ) ≤ ∆] ⇒ E(T, f(T )) ≤ ϵ) (6)

is equivalent to the reference-point based robustness definition shown in Eq. 5.

The proof is straightforward and therefore given in Appendix A.
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5.2 Sample-based Temporal Robustness
Sample-based temporal robustness as given by Kuhse et al. [16] assumes time stamps for
each sensor sample as given, evaluating robustness by considering possible reference points
inside the range spanned by the sensor samples.

Formally, given t1, . . . , tn as the timestamps of the sensor samples, two different notions
of sample-based temporal robustness are defined, differing in strictness. Strong sample-based
temporal robustness requires that the fusion output is close to the output at every reference
point t⋆ in the range spanned by the sensor timestamps, while weak sample-based temporal
robustness only requires that the fusion output is close to the output at some reference
point t⋆ in this range. Strong sample-based temporal robustness means that the fusion
output is stable across the entire range of possible reference points to represent all of them,
while weak definition only requires that it reflects some point in the range. Formally, strong
sample-based temporal robustness is defined as:

∀t⋆ ∈ [min(ti), max(ti)] : L(f(t⋆, . . . , t⋆), f(t1, . . . , tn)) ≤ ϵ (7)

while weak sample-based temporal robustness is defined as:

∃t⋆ ∈ [min(ti), max(ti)] : L(f(t⋆, . . . , t⋆), f(t1, . . . , tn)) ≤ ϵ (8)

In both cases, L is the same kind of loss function as in Section 5.1.
In the global notion of sample-based temporal robustness, these definitions must hold for

all possible timestamp combinations T = (t1, . . . , tn) where the misalignment between the
timestamps is bounded by a threshold ∆.

Following the same approach as for the reference-point-based definition, we show that
alignment set based robustness is a strict generalization of sample-based robustness by
showing that both strong and weak sample-based robustness can be captured by an alignment
set with appropriate constraints, misalignment measure, and error function.

▶ Lemma 11. There exists an alignment set A, a misalignment measure M , and an error
function E for the global variants of respectively the strong and weak sample-based robustness
definitions given in Eqns. 7 and 8 such that the alignment set robustness condition:

(∀T, [M(T ) ≤ ∆] ⇒ E(T, f(T )) ≤ ϵ) (9)

is equivalent to the respective sample-based robustness definition.

The proof of this lemma is given in the Appendix A.

6 Evaluation

We evaluate our alignment set method for modeling temporal misalignment and robustness
in the context of camera-LiDAR fusion for 3D object detection. Our focus is showing
how alignment sets in several scenarios with different synchronization requirements lead
to more precise measures of temporal misalignment than reference-point based definitions
from prior work [16]. This in turn leads to more informative robustness estimates. For our
evaluation, we use the KITTI dataset [12], which has been used by both Kuhse et al. [16]
and Finkenzeller et al. [11] to evaluate temporal robustness for camera-LiDAR fusion where
one camera frame is fused with one LiDAR scan. We extend this to the scenario introduced
in Section 2 where two camera frames are fused with one LiDAR scan. The full evaluation
setup, including tested alignment sets, is described in Section 6.1 and Section 6.2. How
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robustness is evaluated is described in Section 6.3. Section 6.4 presents the results for three
different scenarios for a single fusion of two camera samples and a LiDAR sample, showing
the difference in misalignment and robustness estimates between different alignment sets.
Section 6.5 considers alignment sets for a full 8-minute drive, showing that alignment sets
can be applied to a more complex scenario with many samples and constraints.

6.1 Experimental Setup
Our evaluation focuses on showing how alignment sets can more precisely capture the
temporal misalignment of the camera-LiDAR scenario from Section 2. This in turn leads
to robustness estimates with tighter error bounds. In this section, we describe the fusion
pipeline, evaluation scenarios for a single fusion, dataset, and metrics. The full-drive setup
(Section 6.5) reuses the same fusion pipeline but defines its own scenarios.

The camera-LiDAR fusion we consider is based on the fusion algorithm provided in
Autoware Universe’s perception stack [14]. Camera images are processed by YOLOv9 [28]
into 2D bounding boxes, while LiDAR point cloud data is processed by a CenterPoint [32]
network provided by Autoware, producing 3D bounding boxes. Camera and LiDAR often
operate at different frequencies, e.g., the camera might operate at a higher frequency. To
use all available information, multiple camera images are fused with one LiDAR scan. Each
camera image is processed independently, the 2D bounding boxes are matched by bounding
box overlap, and their coordinates averaged. These 2D bounding boxes are then fused with
the 3D bounding boxes by projecting the latter into the camera plane and matching with the
2D bounding boxes by overlap. Only matched 3D bounding boxes are kept, with the class
labels taken from the 2D detections. We run the inference of the YOLOv9 and CenterPoint
models on an NVIDIA RTX 4090 GPU, with a single fusion taking about 56 ms.

Our full evaluation pipeline, including the sampling of misaligned timestamp tuples,
misalignment computation, and aggregation of fusion errors, is implemented in custom
Python code, with no external verification or analysis tool used.

We evaluate the temporal misalignment and robustness of this fusion pipeline under two
configurations: In the first (LiDAR centered) the LiDAR sample is intended to be taken
in the middle of the two camera samples, while in the second (LiDAR late) the LiDAR
sample is intended to be taken at the same time as the second camera sample.

For these configurations, we consider three different scenarios:
Synchronized: Samples are taken exactly at the intended time points according to the
configuration.
Jitter: Samples independently deviate from their intended time point by a random
amount up to ±j ms, where j is the maximum jitter.
Uniform shift: All sensor samples are shifted by an identical constant offset of d ms,
where d is the shift amount.

In all scenarios, we determine the timestamp misalignment for the reference-point-based
definition from [16] and our alignment sets (Section 6.2), showing that the choice of alignment
set significantly affects the reported misalignment and resulting robustness estimates.

The evaluation is performed on the KITTI dataset [12], which provides synchronized
camera and LiDAR data at 10 Hz (i.e., every 100 ms) across 155 drives. We use the raw
dataset, which contains full series of camera frames and LiDAR scans with their corresponding
timestamps, allowing us to simulate various temporal misalignment scenarios by shifting
timestamps and selecting appropriate samples, as in prior work [11,16]. Since KITTI provides
samples every 100 ms, both jitter and offset are simulated by selecting neighboring samples,
so the applied jitter or offset is necessarily a multiple of 100 ms. For the full run in Section 6.5,
we remove this restriction by interpolating data in steps of 5 ms.
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For the LiDAR centered configuration, the LiDAR sample should lie at the midpoint
between two camera frames. Since KITTI only provides samples for both sensors every 100
ms, no LiDAR sample exists at the midpoint (50ms) between consecutive camera frames.
Thus, we pair camera frames that are 200 ms apart (i.e., separated by one frame, e.g., 0ms
and 200ms, 100ms and 300ms, . . .), fusing each pair with the LiDAR sample between them.
For consistency, we keep the sampling of camera images the same for the LiDAR late
configuration, but choose the LiDAR sample that aligns with the later camera sample.

6.2 Alignment Sets for Evaluation
We examine five ways to specify alignment. In addition to the reference-point-based definition,
we consider four different alignment sets, namely one anchored and one relative alignment for
both the LiDAR centered and LiDAR late configurations, capturing different synchronization
requirements for the camera-LiDAR fusion setup.

Using the notation from Section 3, the sensor samples are c1 = (Scam, 1), c2 = (Scam, 2),
and l1 = (Slidar, 1), with θ denoting the time difference between the two camera frames.
Recall that s ∼ r + θ means sample s is intended to be taken at time r + θ (see Definition 2).
For anchored alignment sets, we use t⋆ as a fixed reference time point serving as the anchor.
Note that in the relative alignment sets, c1 is unconstrained since only the relative timing
between samples matters, not their absolute position.

Anchored: LiDAR centered. All samples are anchored, the LiDAR sample is aligned in the
middle between the two camera frames: Aanchored-inter = {c1 ∼ t⋆, c2 ∼ t⋆+θ, l1 ∼ t⋆+ θ

2 }
Anchored: LiDAR late. All samples are anchored, the LiDAR sample is aligned with the

second camera frame: Aanchored-late = {c1 ∼ t⋆, c2 ∼ t⋆ + θ, l1 ∼ t⋆ + θ}
Relative: LiDAR centered. The second camera frame is relatively aligned to the first one,

and the LiDAR sample is temporally centered relative to the two camera frames:
Arelative-inter = {c2 ∼ c1 + θ, l1 ∼ 1

2 c1 + 1
2 c2}

Relative: LiDAR late. The second camera frame is aligned to the first, and the LiDAR
sample is aligned with the second camera frame: Arelative-late = {c2 ∼ c1 + θ, l1 ∼ c2}

For all alignment sets we use the maximum absolute misalignment across the
constraints as the misalignment measure (Definition 7). That is, g(m1, . . . , m|A|) = maxi |mi|
where mi is the misalignment of constraint Ci.

6.3 Robustness Evaluation
We evaluate the robustness estimates of all five specifications: the alignment sets presented
in Section 6.2, in comparison to the reference-point-based temporal robustness definitions
by Kuhse et al. [16].1 For each misalignment specification and each misalignment threshold
∆ (from Definition 9), we evaluate the error of the fusion output using 77500 timestamp
tuples (500 for each drive in KITTI), sampled from the entire KITTI dataset. Generating
all these samples takes less than a second, with the fusion evaluation being the bottleneck,
taking about one hour per alignment set and ∆ combination. Evaluating the fusion error of
one individual sample takes about 0.05 seconds. Peak memory consumption is 3.3 GB.

1 We do not evaluate the sample-point-based definitions [16], as their error functions compare against
multiple reference points (all points in the range spanned by the timestamps), making them not directly
comparable to the other definitions, which all compare against a single timestamp tuple with no
misalignment. A fair comparison would require a separate evaluation, where for each alignment set one
would also compare against multiple timestamp tuples with no misalignment.
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As the KITTI dataset consists of only synchronized camera-LiDAR series, we first
describe how we sample misaligned timestamp tuples from the synchronized KITTI data in
Section 6.3.1, then explain how we evaluate the resulting fusion error in Section 6.3.2.

6.3.1 Sampling Misaligned Timestamp Tuples

We sample timestamp tuples with temporal misalignment at most ∆ as follows:
For reference-point-based misalignment, we sample a reference point t⋆ from the available
KITTI timestamps and each sensor timestamp independently from [t⋆ − ∆, t⋆ + ∆].
For each alignment set A introduced in Section 6.2, we follow the ordering of the
constraints (see Definition 4). First we sample t⋆ for the anchored sets. For the relative
sets, we sample the timestamp of the unconstrained sample (c1).
For each alignment constraint Ci, we sample a misalignment value |mi| ≤ ∆ and compute
the sample’s timestamp as tsi =

∑
r∈Ri

wr · tr + θi + mi. This operation is always
successful since all times tr that are referenced in the alignment constraint must have
already been determined before due to the ordering. Since each constraint misalignment
is at most ∆, it follows that MA(T ) ≤ ∆.
This sampling procedure has a runtime complexity of O(|A| · k) per tuple, where k is
the maximum number of samples referenced in a constraint (see Lemma 8). Computing
each sample’s timestamp requires O(k) operations, with |A| such steps required. Thus,
generating timestamp tuples is comparatively inexpensive relative to the fusion evaluation.

6.3.2 Error Evaluation

To determine the error of a fusion output we compare to the output under perfectly aligned
timestamp tuples, tuples with no misalignment, defined as follows:

For the reference-point specification, the perfectly aligned timestamp tuple is uniquely
determined by the reference point (i.e., all sensor timestamps are set to t⋆).
For anchored alignment sets, the perfectly aligned timestamp tuple is uniquely determined
by the anchors.
For relative alignment sets, we choose the perfectly aligned tuple where tc2 matches the
second camera sample in the misaligned timestamp tuple.

We use two different error measures, like in the prior work by Kuhse et al. [16]:
Position error: the Euclidean distance between the detected positions of an object.
F1 score, defined as F1 = 2·precision·recall

precision+recall , where precision is the percentage of correct
detections (i.e., match a detected object from the perfectly aligned fusion), and recall
is the percentage of objects from the perfectly aligned fusion that is detected. F1 score
combines them into a single metric, penalizing both false positives and false negatives.

For both error measures, we report the average values and the standard deviations. For the
position error we also report the maximum. Even for low misalignments the F1 score is
occasionally zero, which is why we do not report the worst error for it.

These error measures instantiate the error function E from Definition 9 by comparing the
fusion output under misaligned timestamps to the output under perfectly aligned timestamps,
measuring how much misalignment degrades the result.
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Table 1 Full robustness evaluation, showing for each specification and misalignment threshold
∆ the mean, standard deviation, and maximum position error, as well as the mean and standard
deviation of the F1 score.

Position Error (m) F1 Score
Specification ∆ (ms) Mean Std Max Mean Std

Reference-point

100 0.269 0.35 3.487 0.831 0.22
200 0.356 0.43 4.497 0.764 0.25
300 0.383 0.46 4.552 0.722 0.27
400 0.396 0.48 4.245 0.692 0.28
500 0.398 0.48 4.630 0.665 0.28
600 0.399 0.49 5.610 0.646 0.29

Aanchored-inter

100 0.254 0.33 3.484 0.823 0.22
200 0.340 0.41 3.543 0.782 0.24
300 0.370 0.45 3.848 0.757 0.26
400 0.385 0.47 4.164 0.735 0.27
500 0.388 0.48 4.768 0.715 0.27
600 0.389 0.48 5.610 0.701 0.28

Aanchored-late

100 0.252 0.33 3.276 0.825 0.22
200 0.338 0.41 3.543 0.783 0.24
300 0.370 0.45 4.552 0.754 0.26
400 0.384 0.46 4.796 0.735 0.26
500 0.391 0.48 5.495 0.714 0.27
600 0.388 0.47 5.467 0.701 0.28

Arelative-inter

100 0.307 0.38 4.753 0.808 0.22
200 0.349 0.42 3.880 0.785 0.24
300 0.378 0.46 4.545 0.762 0.26
400 0.397 0.48 6.227 0.743 0.26
500 0.403 0.49 7.755 0.724 0.27
600 0.402 0.49 6.155 0.714 0.28

Arelative-late

100 0.321 0.41 3.543 0.801 0.23
200 0.353 0.45 4.753 0.778 0.25
300 0.376 0.47 5.304 0.758 0.26
400 0.390 0.49 5.538 0.740 0.27
500 0.394 0.50 6.632 0.725 0.28
600 0.392 0.49 6.920 0.712 0.28

6.4 Results

We consider several scenarios, showing the limitations of the reference-point-based specific-
ation of temporal misalignment and how different alignment sets best capture different
synchronization requirements. First, Section 6.4.1 shows that in the synchronized scenario,
the reference-point-based specification reports non-zero misalignment. Second, Section 6.4.2
shows that this also leads to overly pessimistic measures for the misalignment under a certain
amount of jitter. Third, we consider the case of a uniform time shift in Section 6.4.3, showing
the difference between the anchored and relative alignment sets.

For each scenario, we report the maximum misalignment ∆ under each specification. To
translate these into errors, we use the robustness estimates from the evaluation described
in Section 6.3. In Table 1, we give the full results on the KITTI dataset with threshold
∆ = 100, 200, 300, 400, 500, 600 ms for all alignment sets and the reference-point-based
specification, reporting the position error and F1 score for each case. For a given ∆, these
results represent the expected error at that misalignment level. Hence, Table 1 shows the
error corresponding to the maximum misalignment ∆ for that scenario and specification.

We note that the rows of Table 1 are not directly comparable across specifications, as the
meaning of ∆ differs: for instance, ∆ = 100 ms for the reference-point specification means
each sample is within 100 ms of a single reference point, while for an alignment set it means
each constraint’s misalignment is at most 100 ms.
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Figure 7 Visualization of the synchronized, LiDAR centered scenario. For each misalignment
specification the misalignment is shown in green.

Table 2 Misalignment (in ms) and fusion error under perfect synchronization (best values bold).
Only alignment sets matching the LiDAR configuration have zero misalignment. Under perfect
synchronization, anchored and relative variants of the same configuration yield identical results.

Misalign. (ms) F1 Score (Mean) Pos. Error Mean / Max (m)
Specification Cent. Late Cent. Late Cent. Late
Reference-point 100 100 0.831 0.831 0.27 / 3.5 0.27 / 3.5
Aanchored-late 100 0 0.825 1 0.25 / 3.3 0 / 0
Aanchored-inter 0 100 1 0.823 0 / 0 0.25 / 3.5
Arelative-late 100 0 0.801 1 0.32 / 3.5 0 / 0
Arelative-inter 0 100 1 0.808 0 / 0 0.31 / 4.8

6.4.1 Synchronized

We first examine the baseline synchronized scenario described in Section 6.1, where the
samples are taken exactly at their intended time points. That is, for an arbitrary beginning
time point t⋆, the camera samples are taken at tc1 = t⋆ and tc2 = t⋆ + θ. The LiDAR sample
is then taken at tl1 = t⋆ + θ

2 for the LiDAR centered configuration and at tl1 = t⋆ + θ for the
LiDAR late configuration. In this scenario, the system is behaving as intended, and a precise
misalignment measure should report zero misalignment.

The left side of Table 2 shows the misalignment reported by different misalignment
measures for both the LiDAR centered and LiDAR late scenarios. A visualization is shown in
Figure 7. We only visualize the alignment sets Aanchored-inter and Aanchored-late, the relative
variants yield identical results under perfect synchronization, as shown in the table.

As shown in Table 2, the choice of misalignment specification is crucial for obtaining
a precise measure of misalignment. The reference-point based misalignment measure fails
to report zero misalignment. As this prior methods assumes that all samples should be
aligned to a single reference point, it cannot distinguish between the intended offset and
actual unintended misalignment.

In contrast, the alignment set approach is more expressive. By explicitly modeling
that there is an intended offset, the alignment set that accurately matches the scenario
configuration correctly reports zero misalignment. Selecting the correct alignment set is
therefore essential. If an incorrect alignment set is selected, e.g., the one that assumes the
LiDAR is centered when it is actually late, a non-zero misalignment of 100 ms is reported.

We apply the robustness estimates from Table 1 as described at the beginning of Section 6.4
to determine the error corresponding to the reported misalignment. Since the system is
synchronized, one would expect zero error. However, the non-zero misalignments reported
lead to overly pessimistic robustness evaluations as can be seen in the right side of Table 2.
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Figure 8 Visualization of the jitter scenario. Jitter is shown in blue, misalignment in green. For
the anchored scenario the jitter is the same as the misalignment. For the relative scenario, the jitter
can cause misalignment in either direction, leading to a maximum misalignment of 2j.

Table 3 Reported misalignment and fusion error under jitter j for the LiDAR centered scenario.
The matching alignment set (Aanchored-inter) reports only the jitter, while other specifications include
intended offsets or compound jitter, inflating both the reported misalignment and error bounds.
Best values are in bold.

Misalign. (ms) F1 Score (Mean) Pos. Error Mean / Max (m)
Specification j =100 j =200 j =100 j =200 j =100 j =200
Reference-point 200 300 0.764 0.722 0.36 / 4.5 0.38 / 4.6
Aanchored-inter 100 200 0.823 0.782 0.25 / 3.5 0.34 / 3.5
Aanchored-late 200 300 0.783 0.754 0.34 / 3.5 0.37 / 4.6
Arelative-inter 200 400 0.785 0.743 0.35 / 3.9 0.40 / 6.2
Arelative-late 300 500 0.758 0.725 0.38 / 5.3 0.39 / 6.6

6.4.2 Jitter Misalignment
We now consider the Jitter scenario described in Section 6.1, to show how imprecise
misalignment specification fail to separate jitter with the intended offset. In this scenario,
sensor samples deviate from their intended time points by a random jitter offset in the range
of [−j, j] for some j. Ideally, a misalignment measure should isolate this jitter from the
intended offset, reporting at most j as the misalignment. If a measure fails to distinguish
between the intended offset and jitter, a much larger misalignment is reported, leading to
overly pessimistic error bounds.

We determine the maximum misalignment that can be reported under a jitter of j ms for
the different misalignment specification in the LiDAR centered configuration, showing the
results on the left side of Table 3. The scenario is visualized in Figure 8.

Similar to the perfect synchronization scenario, the additional expressiveness of the
alignment set approach is necessary to isolate the jitter. As shown in the table, only the
correctly matching alignment set reports the jitter j as misalignment. The reference-point
based specification reports a misalignment of j+θ ms, including the intended offset θ. Relative
alignment sets count the jitter twice (either 2j for Arelative-inter or 2j + θ for Arelative-late),
as jitter in either direction can cause misalignment for the relative constraints. The reason
is that the second constraint references the first sample, whose jitter propagates into the
computed misalignment of the second constraint, potentially doubling the reported jitter.

Imprecise misalignment measures report a larger misalignment ∆ than the actual jitter j.
This in turn causes the applicable robustness estimates to be overly pessimistic, as shown on
the right side of Table 3. In all cases, using the correctly matching alignment set leads to
the best error bounds. For the j = 100 ms case, the position error is around 40% worse for
the reference-point based specification compared to the matching alignment set.

ECRTS 2026



8:18 Alignment Sets for Sensor Fusion Against Temporal Misalignment

�

'

t⋆

200

(a) Ref-point.

�

'

δ δ

δ

(b) Aanchored-inter.

�

'

M=0

(c) Arelative-inter.

Figure 9 Visualization of the uniform shift (red) with misalignment (green).

Table 4 Reported misalignment and fusion error under uniform time shifts of d for the centered
scenario. The relative alignment set (bold) is invariant to the uniform shift, reporting zero
misalignment and no error. The anchored alignment set (underlined) captures exactly the shift d,
giving the best error bounds when uniform shifts should be considered misalignment. The prior
specification give inflated misalignment measures and error bounds.

Misalign. (ms) F1 Score (Mean) Pos. Error Mean / Max (m)
Specification d=100 d=200 d=100 d=200 d=100 d=200
Reference-point 200 300 0.764 0.722 0.36 / 4.5 0.38 / 4.6
Aanchored-inter 100 200 0.823 0.782 0.25 / 3.5 0.34 / 3.5
Aanchored-late 200 300 0.783 0.754 0.34 / 3.5 0.37 / 4.6
Arelative-inter 0 0 1 1 0 / 0 0 / 0
Arelative-late 100 100 0.801 0.801 0.32 / 3.5 0.32 / 3.5

6.4.3 Uniform Time Shift

We now consider the Uniform shift scenario described in Section 6.1, where all sensor
samples are shifted by a uniform offset d, showing that alignment sets can capture different
synchronization requirements for the same scenario. In practice, global clock drift can cause
such uniform shifts, where the relative timing between samples is preserved but the samples
are not taken at the intended time points.

Whether this uniform shift should be considered misalignment depends on the application’s
requirements. If only relative timing is important, then the shift should not be considered
misalignment. If the fusion must correspond to specific moments, then the shift should be
considered misalignment. Ideally, for this scenario the misalignment measure should therefore
either report zero misalignment or a misalignment corresponding to the uniform shift d,
depending on which of the two cases is considered.

The relative alignment sets Arelative-inter and Arelative-late are designed to capture the case
where only relative timing is important, while the anchored alignment sets Aanchored-inter and
Aanchored-late are designed to capture the case where specific time points are important.

The results for the LiDAR centered scenario are shown on the left side of Table 4, showing
the misalignment reported for a uniform time shift of d = 100 ms and d = 200 ms.

The anchored alignment sets correctly capture only the uniform shift d as misalignment,
while the relative alignment sets correctly report zero misalignment. In contrast, the reference-
point-based misalignment is sensitive to the shift but adds the intended offset on top.

The robustness evaluation is shown on the right side of Table 4. The relative alignment
set is invariant to the uniform shift, reporting zero misalignment and no error. If a uniform
shift is not considered misalignment, and it is not an issue that the result represents a later
time point, this is the best estimate. If the uniform shift is considered misalignment, the
behavior is the same as the jitter case, with the anchored alignment set giving the best error.
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Table 5 Mean F1 score and mean position error (m) per specification, with and without drift.

F1 Score (Mean) Pos. Error Mean (m)
Specification Jitter ∆ (ms) No drift 10 ms / 30 s No drift 10 ms / 30 s
Reference-point 125 0.749 0.604 0.54 0.68
Aanchored-inter 25 0.830 0.658 0.12 0.67
Aanchored-late 125 0.657 0.528 0.52 0.65
Arelative-inter 50 0.766 0.765 0.41 0.41
Arelative-late 150 0.430 0.430 0.71 0.71

6.5 Full Drive Results

We evaluate alignment sets for a full trace on the longest KITTI drive (8.5 minutes, 5177
camera frames at 10 Hz, cameras downsampled to 5 Hz). Our aim is to show that alignment
sets can be applied to a more complex scenario. We consider a 25 ms jitter and a potential
10 ms drift every 30 seconds. We use alignment sets in two manners: to give a robustness
estimate for the entire drive akin to the previous fusion-level scenarios and to investigate the
correlation between misalignment and fusion error.

To allow misalignments smaller than the 100 ms granularity, we resort to synthetic
data. We interpolate camera frames using RIFE [13] and LiDAR bounding boxes by linear
interpolation of their parameters, to achieve an effective 5 ms granularity. We verified by
manual inspection that the interpolated data does not introduce significant artifacts.

We extend the alignment sets given in Section 6.2 to consider all fusions in a drive trace.
For the anchored alignment sets, for each fusion i we add a t⋆

i and the same per-sample
constraints as in Section 6.2, anchored to t⋆

i . We do the same for reference-point-based
specification. For the relative alignment sets, we add constraints between samples used
in the same fusion as before, but also add a constraint between the first camera sample
ci,1 = (Scam, 2i − 1) of each fusion to the second camera sample ci−1,2 = (Scam, 2i) of the
previous fusion, to capture the intended relative timing between fusions: ci,1 ∼ ci−1,2 + θ.

We consider two scenarios: 1) Jitter: samples independently deviate from their intended
time point by up to ±25 ms in 5 ms steps, and 2) Jitter + Drift: the jitter for each sample
is up to ±25 ms and every 30 seconds all following samples are shifted by 10 ms.

The first experiment extends the robustness evaluation to the entire drive trace. For each
specification, we take ∆ to be the worst-case misalignment under the jitter-only scenario as
reported by the specification measure (column ∆ in Table 5, compare Section 6.4.2). For
anchored specifications, drift accumulates over time. Relative specifications only observe
drift at the moment a drift step occurs: for fusions before or after the step the shift applies
to every sample and cancels out. To model this, we modify our aggregation function g to
increase the effective misalignment threshold of affected constraints. We sample 1000 traces
of the entire drive for each scenario and specification.

Table 5 shows the results, mirroring the findings of the fusion-level jitter and the uniform
shift scenario. The alignment set (Aanchored-inter) gives the best error bounds, while the
reference-point-based specification gives overly pessimistic estimates. The relative specifica-
tions are invariant to the uniform shift caused by drift, giving nearly identical results.

We also investigate how the misalignment measure MA(T ) correlates with the fusion error,
by sampling 1000 traces for the scenarios from Experiment 1. Under each specification’s
alignment set, we compute the misalignment for each fusion and its fusion error.

We note that calculating the misalignment of 1000 traces takes less than a second,
but evaluating the fusion error under an alignment set spans the entire drive, requiring a
considerable computation cost of in total 20 hours for 1000 traces. A single trace consists of

ECRTS 2026



8:20 Alignment Sets for Sensor Fusion Against Temporal Misalignment

Table 6 Per-spec correlation between misalignment MA(T ) and fusion position error. Best per
column in bold.

No drift, Eshifted No drift, Eunshifted Drift 10/30s, Eshifted Drift 10/30s, Eunshifted

Specification r ρ r ρ r ρ r ρ

Reference-point +0.041 +0.051 +0.002 +0.001 +0.022 +0.026 +0.766 +0.782
Aanchored-inter +0.311 +0.282 +0.369 +0.339 +0.086 +0.089 +0.811 +0.829
Aanchored-late +0.010 +0.009 -0.003 -0.004 +0.027 +0.023 +0.597 +0.536
Arelative-inter +0.386 +0.352 +0.148 +0.155 +0.384 +0.352 -0.001 -0.001
Arelative-late +0.009 +0.006 +0.000 -0.001 +0.011 +0.009 -0.130 -0.138

1294 individual fusions, resulting in ≈ 1.3 million fusions in total. On average, calculating
the error of one individual fusion takes about 0.05 seconds. The sampling takes less than 10
seconds with a single trace consuming less than 1 MB. Peak memory consumption evaluating
one trace is 3.3 GB.

We use two fusion error functions, capturing different application requirements. Eunshifted
compares against the fusion of the original, unjittered and undrifted samples. For the unshifted
error function, the drift causes the error to continuously increase, even though fusions are
locally correct. Eshifted compares against the fusion of the samples at (c1, c1 + θ, c1 + θ

2 ),
where c1 is the actual (jittered and drifted) first camera timestamp. The two error functions
correspond respectively to the use cases captured by anchored and relative alignment sets.

Table 6 reports Pearson (r) and Spearman (ρ) correlations for each combination of
specification, scenario and error function [30]. Pearson’s r = cov(X,Y )

σX σY
measures linear

correlation and Spearman’s ρ monotonic correlation by applying Pearson to the ranks of
X and Y . Both lie in in [−1, 1], with 0 indicating no correlation. The results mirror the
findings of the previous experiments. The correctly matching alignment set gives the best
correlation with the error function corresponding to its use case.

7 Conclusion

We introduced alignment sets, a method for defining temporal misalignment that allows
system designers to specify the intended alignment of a specific application. Robustness
guarantees derived from alignment sets generalize definitions from prior work, while offering
more precise misalignment measures in scenarios where samples are intentionally offset.

Our evaluation of a camera-LiDAR fusion for 3D object detection where two camera
samples are fused with a single LiDAR sample shows that alignment sets yield more precise
misalignment measures and tighter error bounds than prior work. Prior work assumes that
all samples should be aligned to a common reference time point. This causes them to fail
to capture the intended alignment of these scenarios, reporting non-zero misalignment even
in the case of perfect synchronization and overestimating the misalignment in the case of
jitter. In contrast, a well-designed alignment set is capable of expressing the requirements
correctly. Alignment sets also allow specifying whether uniform shifts should be considered
misalignment or not, depending on the application’s requirements.

The choice of alignment set is crucial to obtain precise measures and guarantees. An
alignment set designed for another scenario leads to overly pessimistic results. The flexibility
of alignment sets allows to express the intended alignment of a wide range of scenarios, but
also requires careful design to ensure that the intended alignment is correctly captured.

While alignment sets are expressive and flexible, how to correctly design them for more
complex scenarios remains an open problem. Furthermore, we have limited our study to
explore only linear alignment constraints. Generalization of alignment constraints, e.g., using
nearest neighbor alignment, is an interesting direction for future work.
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Comprehensive, large-scale evaluations require a considerable amount of time. In our
camera-LiDAR fusion scenario it takes one hour to evaluate 77500 samples for one mis-
alignment threshold under an alignment set covering one fusion. For the scenario of an
alignment set covering a full drive, evaluating the fusion error for 1000 traces takes around
20 hours under one alignment set. Even larger alignment sets and more complex, expensive
aggregation functions will further increase these costs. How to efficiently evaluate the error
of sensor fusion due to temporal misalignment is also an interesting direction for future
work. Our analysis of the misalignment measure shows that the time complexity depends on
the cardinality of the alignment set and the cost of the aggregation function, ignoring the
geometry of the constraints. An interesting future work is to derive tighter analysis of the
time complexity or a more efficient misalignment measure by considering the geometry of
the constraints and the aggregation function.

Not all alignment set constraints are expressible in plain STL, but extensions with
parameters [2] and past operators [19] should be sufficient to express all constraints used in
this work. Formalizing our alignment sets in such an extended STL and finding a tractable
fragment is another interesting direction for future work.
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A Proofs

Proof of Lemma 10. We establish the equivalence through proof by construction, giving an
A, g, and E such that the general robustness condition with these definitions is equivalent to
the reference-point-based definition in Eq. 5.

We constrain every sample to t⋆: A = {(Si, 1) ∼ t⋆ | Si ∈ {S1, ..., Sn}}. As g we use the
maximum of all absolute misalignments g(m1, . . . , mn) = maxi |mi|. Substituting g and A
into Definition 7, gives: maxi∈{1,...,n} |ti − t⋆| ≤ ∆, equivalent to ti ∈ [t⋆ − ∆, t⋆ + ∆].

The error function uses the loss function: E(T, f(T )) = L(f(t⋆, ..., t⋆), f(T )). Substituting
into Definition 9, gives (∀T, [MA(T ) ≤ ∆] ⇒ E(T, f(T )) ≤ ϵ) ⇐⇒ (∀ti ∈ [t⋆ − ∆, t⋆ + ∆] :
L(f(t⋆, ..., t⋆), f(T )) ≤ ϵ) ◀

Proof of Lemma 11. We establish the equivalence through proof by construction, giving an
A, g, and E such that the general robustness condition with these definitions is equivalent to
the global variants of the sample-based Definitions in Eq. 7 and Eq. 8.

ECRTS 2026

https://doi.org/10.1007/978-3-031-68416-6_11
https://doi.org/10.1007/s10009-026-00852-2
https://arxiv.org/abs/2507.09095
https://doi.org/10.1109/RTAS65571.2025.00024
https://arxiv.org/abs/2101.06784
https://doi.org/10.1007/978-3-031-72751-1_1


8:24 Alignment Sets for Sensor Fusion Against Temporal Misalignment

We define A to align all samples to each other: A = {(Si, 1) ∼ (Sj , 1) | Si, Sj ∈
{S1, ..., Sn}, i ̸= j}. Using g(m1, . . . , mn) = maxi,j∈{1,...,n} |mi − mj | and substituting into
Definition 7 gives MA = maxi,j∈{1,...,n} |ti − tj |. Limiting this to ∆ limits the interval range
[min(ti), max(ti)] to ∆.

For strong sample-based robustness, with T = (t1, . . . , tn) we define:

Estrong(T, f(T )) = max
t⋆∈[min(ti),max(ti)]

L(f(T ), f(t⋆, . . . , t⋆)).

Substituting into Definition 9, gives (∀T, [MA(T ) ≤ ∆] ⇒ Estrong(T, f(T )) ≤ ϵ)
⇐⇒ (∀T, maxi,j |ti − tj | ≤ ∆ ⇒ ∀t⋆ ∈ [min(ti), max(ti)], L(f(t⋆, . . . , t⋆), f(T )) ≤ ϵ)

For weak sample-based robustness, with T = (t1, . . . , tn) we define:

Eweak(T, f(T )) = min
t⋆∈[min(ti),max(ti)]

L(f(T ), f(t⋆, . . . , t⋆)).

Substituting into Definition 9: (∀T, [MA(T ) ≤ ∆] ⇒ Eweak(T, f(T )) ≤ ϵ)
⇐⇒ (∀T, maxi,j |ti − tj | ≤ ∆ ⇒ ∃t⋆ ∈ [min(ti), max(ti)], L(f(t⋆, . . . , t⋆), f(T )) ≤ ϵ) ◀
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