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Abstract— This paper introduces a novel track-to-track sensor
fusion framework that integrates event-based camera tracks and
radar detection tracks for robust multi-object tracking. Due to the
lack of an available dataset combining real event-camera data
with millimeter-wave (mmWave) radar in the automotive context,
we utilize a state-of-the-art radar-camera dataset, adapting it to
simulate event-based camera data. Event-based cameras, with
their high temporal resolution and low energy consumption,
provide asynchronous brightness change data, while radar sensors
offer robustness to adverse environmental conditions and precise
depth measurements. The proposed method leverages the
complementary strengths of these two sensor modalities using a
Global Nearest Neighbor (GNN) algorithm to associate tracks and
maintain a single hypothesis about tracked objects. The event-
camera's optical flow-based velocity and distance estimation is
fused with radar's depth and lateral position measurements to
enhance localization accuracy. This approach demonstrates the
potential for improving tracking performance and robustness in
autonomous driving scenarios.
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I. INTRODUCTION

The rapid advancements in autonomous systems and
intelligent vehicles have highlighted the critical importance of
robust multi-object tracking for safe and efficient navigation.
Sensor fusion has emerged as a pivotal approach to overcome
the limitations of individual sensors by leveraging their
complementary strengths. Among these, event-based cameras
and millimeter-wave (mmWave) radar sensors offer unique
advantages. Event-based cameras, inspired by biological vision
systems, operate asynchronously by capturing brightness
changes at a high temporal resolution with low energy
consumption, making them ideal for dynamic environments.
However, they face challenges in static or low-dynamic scenes
due to sparse outputs [1]. On the other hand, mmWave radar
sensors provide robust depth measurements and operate reliably
under adverse lighting and weather conditions but suffer from
lower angular resolution compared to optical sensors.

Despite the promise of combining event-based cameras and
radar for enhanced multi-object tracking, there is currently no
dataset that provides real event camera data alongside mmWave
radar data in an automotive context. To address this limitation,
this work utilizes artificial event data generated from the
CARRADA Dataset [2]. The artificial events are created using
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upsampled camera frames processed through an event simulator,
enabling the integration of event-based camera tracks with radar
detection tracks [3], [4].

This paper is an extension of our previous paper in which we
presented a preliminary study on distance and speed estimation
using event-based vision [5]. Here we present a novel track-to-
track fusion framework that combines artificial event-based
camera tracks and radar detection tracks for enhanced multi-
object tracking. By integrating these two sensor modalities, the
proposed approach addresses key challenges such as improving
localization accuracy, reducing missed detections, and ensuring
robustness to single-sensor failures. The system employs a
Global Nearest Neighbor (GNN) algorithm for track association.
Radar's precise depth measurements are fused with the event
camera's high-resolution lateral position data to achieve accurate
2D  spatial  localization.  Additionally,  coordinate
transformations align sensor data into a unified spatial
representation. The proposed methodology demonstrates
significant improvements in tracking metrics such as Multi-
Object Tracking Accuracy (MOTA), with reduced false
negatives and enhanced robustness in different scenarios [6].
This work highlights the potential of combining bio-inspired
vision systems with radar technology for applications in
autonomous driving, robotics, and other safety-critical domains.

II. RELATED WORK

The contribution at hand, builds on existing approaches to
sensor data fusion, particularly in the context of combining
event cameras and mmWave radar sensors for object detection
and tracking. While the fusion of conventional cameras and
radar sensors has already been extensively studied, the
integration of event cameras represents a comparatively new
research direction due to their asynchronous operation and high
temporal resolution [7], [8], [9]. Safa et al. presented one of the
first papers on the fusion of event camera and radar data in the
context of Simultaneous Localization and Mapping (SLAM)
[10]. In their study, a drone is used to both create a map of a
warehouse and estimate its own position within this map. The
sensor data is fused using a Spiking Neural Network (SNN), a
bio-inspired architecture that processes information in the form
of discrete pulses rather than relying on continuous data streams.
This enables energy-efficient and robust data processing. The
results show that the system is robust to illumination changes
and in some cases achieves lower error rates compared to SLAM
algorithms with conventional cameras.



Miiller et al. presented a paper focusing on the fusion of
event camera and radar data for body gesture recognition of
ground controllers on the apron of an airport [11]. For this
purpose, a specially developed dataset was created that includes
different body poses at different distances, angles and
environmental conditions. The sensor data was fused using an
artificial neural network, which led to a significant
improvement in recognition accuracy. In addition, the authors
presented a novel coding method that efficiently compresses the
raw radar data, reducing the data rate and simplifying
implementation. This study highlights the potential of fusing
radar and event data for more accurate and robust detection
systems.

Wang et al. presented a system for precise and low-latency
drone localization that combines the advantages of mmWave
radar and event cameras [12]. In contrast to traditional
approaches that use frame cameras, the event camera
harmonizes better with the mmWave sensor technology due to
its higher sampling rate. The presented system, mmWave-
Event-Localization (mmE-Loc), integrates two central modules:
a consistency-based collaborative tracking and a graph-
informed adaptive optimization. These modules utilize the
temporal consistency and spatial complementarity of the sensors
to extract precise measurements and enable efficient sensor data
fusion. In experimental tests conducted under real-world
conditions, mmE-Loc showed superior results in terms of
localization accuracy and latency compared to existing methods.

[II. PROPOSED METHODS

In this contribution, we extend a previously proposed
method for estimating real-world distances and velocities of
objects based on artificially generated events [5]. For this
purpose, we present an object-based sensor fusion approach,
which combines the distance and velocity estimates of the
previous paper with the corresponding radar data. [2], [5]. First,
each processing branch is considered individually by radar and
artificial event data before the respective tracks of the two
branches are fused using a GNN approach in combination with
a cross-covariance fusion algorithm. To provide an overview of
the system, Fig. 1. illustrates the different processing steps of
the respective branches.
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Fig. 1. General system overview of the tracking-fusion framework in
conjunction with the radar and artificial event branch.

The initial step involves generating a point cloud from the
raw radar data stored in the radar data cube. This is achieved
using the Constant False Alarm Rate (CFAR) algorithm, which
identifies the most intense reflections while accounting for their
local context [13]. After that we transform the range-angle
represented points into a cartesian coordinate system. The
resulting points then correspond to a sparse point cloud in a 2D
coordinate space similar to the bird’s eye view representation.
The representation is enhanced using the recorded Doppler for
each point. The 3D point cloud combines the cartesian

Radar data cube

coordinates of the reflected point and its doppler value, which
corresponds to the radial velocity component. The distance-
based cluster algorithm Density Based Spatial Clustering of
Applications with Noise (DBScan), which was already
proposed by Nordenmark et al. for radar data processing, is
used to group the points into clusters [14]. The center of gravity
is calculated by a weighted averaging of the points within the
cluster, whereby the weights are derived from the inverse of the
measurement noise covariance matrices. The clustered object is
then tracked over time using a Joint Probabilistic Data
Association (JPDA) tracker [15]. Additionally, a Kalman filter
(KF) is used to initialize and update the state estimates for each
track. To determine the characteristics of each cluster a
weighted average is applied to the included radar points. This
procedure is inspired by Zhang et al. and follows the equation
in (1) [16].

(1)

Here, X and x are the characteristics of the clustered radar object.
The characteristics include distance, position and radial
velocity. The weight w represents the reflective power of the
respective radar point within the cluster.

At the same time, the optical flow is determined from the
artificial event data using the trajectory-based methods from
our previous work [5]. A feature vector is calculated from this,
which contains the estimated position, radial speed, detected
object class and unique track. This feature vector then serves as
the basis for the fusion with the previously calculated features
of the radar pipeline. Similar to the radar tracks, a KF is used to
initialize and update the state estimates for each track.

With regard to the assignment of the individual tracks, the
distance between the radar targets and the event camera objects
is calculated first. The Mahalanobis distance was chosen as the
distance metric [17]. The advantage of this method is that it
takes the correlation and scaling of the data into account
compared to the Euclidean distance. The distance metric decr is
defined as follows and is shown in (2):

decr = (Xee = %,)757 (Xee — %) ()
Here, xcc and x; are the characteristics of the event camera ()
and radar objects (r). The states include longitudinal position,
lateral position and longitudinal velocity as well as the
corresponding track ID. d. is the distance matrix, which
represents the similarity between two objects in vector space. s
is the covariance matrix, which is used to scale the distance
matrix based on the distribution of the data. The next step is the
actual fusion, where the radar objects are assigned to their
corresponding event camera objects. The GNN algorithm was
selected for association. The algorithm finds the data pair with
the minimum total distance. The Hungarian method was used
to find an optimal solution [18]. This results in three possible
outcomes, which are divided into matched detection-track
pairs, unmatched tracks and unmatched detections. For the
matched detection track pairs, the actual track fusion is
performed using a cross-covariance fusion algorithm that



considers the uncertainties of the different sensor modalities.
The cross-covariance fusion algorithm uses a weighted
combination of the states, where the weights are determined by
the inverse covariance matrices. The mathematical definition is
shown in (3).

Xf = Sf_l(sr_lxr + Sec_1 xec) (3)

Here, xr represents the merged state of both weighted states of
xr and xe.. This is then weighted again with the combined
covariance matrix s¢ from both states, resulting in the fused
track weighted from both uncertainties. If there are no assigned
measurement or recognition values for a unreached track, the
track is updated with the predicted value of the KF to provide
continuous estimated tracking. Additionally, a running
detection loss counter is incremented by a single frame. If the
radar track is undetectable for 20 consecutive frames, the track
is deleted. By generating the artificial event data and the
associated tenfold upsampling process, the detection loss
counter on the part of the event data was increased to 200. For
the third scenario, i.e. unmatched detections, new track IDs are
assigned and tracks are initialized. While all of the prediction
stages start immediately from the next frames for new tracks,
they are not displayed until they are classified as reliable tracks.
This is the case when the track has been previously confirmed
on 5 consecutive radar frames or 50 event frames and follows
the model of Sengupta et al. [19].

IV. EXPERIMENTS

To ensure an objective and standardized evaluation, we rely
on the widely recognized Clear Multi-Object Tracking (MOT)
metrics, which were specifically developed for the evaluation
of multi-object tracking systems [6]. We explicitly limit
ourselves here to multi-object tracking accuracy (MOTA) and
refer to our previous paper for multi-object tracking precision
(MOTP) [5]. MOTA is a metric that determines the overall
accuracy of the tracking system, taking into account various
sources of error. MOTA combines the number of missed
objects or unrecognized objects (FN), the number of false
alarms or incorrectly recognized objects (FP) and the number
of ID switches (IDSW) into a uniform metric. The IDSW is an
incorrect assignment of track IDs over time. The relationship is
shown in (4) and always refers to the ground truth value within
the scene that is currently displayed on image n.

_ ZnFNn+Zn FPp+ ZnIDSWy

MOTA =1
ZnGTn

“4)

The individual terms represent the respective proportions of
FN, FP and IDSW. These are defined as a rate and indicate the
proportion of the respective error sources to the ground truth
value and are shown in (5).

_ XnFNp _ InFPy _ ZnlIDSWy
FNR = S GT, ,FPR = S Gt ,IDSWR = Soer. %)

To generate the ground truth values, manual annotation of the
upsampled CARRADA test dataset with over 21,530 images in
relation to the artificial events is required. In addition, the
resulting 2,153 radar point clouds were labeled and manually

corrected according to the annotation pipeline of Zhang et al.
[20]. The results are shown in detection. Once a match is
TABLE I. The individual scenes 1 - 6 are listed chronologically
according to their recording date in the test dataset. The metrics
show that the track-to-track fusion method proposed here leads
to a significant improvement compared to the tracking of the
individual sensors. This is particularly visible in relation to the
FNR (missed objects). The average improvement here is 7.94
% compared to pure event-based tracking. Only the first
scenario shows a deterioration in performance. The high
uncertainty of the radar can only be compensated for to a
limited extent. The higher uncertainties result in each case from
a more complex scene structure in which different vehicles and
pedestrians interact with each other and the reduced horizontal
resolution of the radar cannot resolve the closely spaced
objects. The elevated FPR in the sensor fusion system arises
when radar and event camera detections from the same physical
object are misclassified as independent entities due to
association failures between the two sensing modalities. One
reason is the high volatility and discontinuity of radar points,
causing the center of gravity of the radar point cluster to
frequently jump back and forth in front of and behind the target.
Another critical factor is the extraction of the distance and
velocity information based on the artificial event data from our
previous work. The deviation between the estimated and the
real radar value is sometimes more than 4 m discrepancy in the
distance and up to 5 m/s in the radial velocity component. With
regard to the IDSW, we have a significant improvement in
direct comparison to the event data. This can mainly be
explained by the robust detection of static objects by the radar.
The event object detector has problems detecting static objects
over a longer period of time due to the lack of changes. Here,
the combination of both tracks leads to an average improvement
of 421 %. Only in highly concentrated scenes with many
different objects can the high uncertainty on the part of the radar
no longer be compensated for, similar to the detection of the
FP. The combination using the approach presented here leads
to an improvement of 7.23 % MOTA compared to the purely
event-based approach and 20.17 % compared to pure radar
detection and thus represents a significant improvement in
tracking.

V. CONCLUSIONS AND OUTLOOK

The contribution at hand presents a method for object-based
sensor fusion. To our knowledge, this is the first contribution in
the field of sensor fusion using event and mmWave data in
regard to the automotive sector. Due to the lack of a suitable
dataset, artificial event data is used. First, both sensor
modalities are considered separately and the corresponding
features are calculated. On the one hand, this involves
generating a point cloud based on the raw radar data as well as
clustering and tracking the object. On the other hand, the
features are determined from the artificial event data using a
trajectory-based approach. These features are then projected
into a common feature space. Subsequently, data association is
performed using a GNN approach in conjunction with the
Mabhalanobis distance and the Hungarian method. This results
in three different outputs: matched detection-track pairs,
unmatched tracks and unmatched detection. Once a match is



TABLE L.

CLEAR-MOT Metrics for the CARRADA testset

Event-Camera Only Radar Only Sensor Fusion
Scene FNR FPR IDSWR MOTA FNR FPR IDSWR MOTA FNR FPR IDSWR MOTA
(%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%)

1 1.56 6.11 5.33 87.00 55.11 5.14 2.11 37.64 3.20 10.13 3.33 83.34

2 24.71 6.43 7.25 61.61 27.34 3.74 1.13 67.79 3.61 19.47 1.28 75.64

3 19.57 11.72 8.39 60.32 24.35 6.19 2.19 67.27 9.87 10.29 2.83 77.01

4 6.14 13.34 4.20 76.32 39.52 4.17 1.15 55.16 2.15 23.60 1.34 72.91

5 13.79 10.57 5.17 70.47 44.41 3.78 2.64 49.17 3.78 12.11 2.87 81.24

6 11.58 13.82 8.55 66.05 27.57 4.15 1.17 67.11 7.11 15.88 1.98 75.03
Overall® 70.30 57.36 77.53

& Average value

found, the actual fusion is performed using a cross-covariance
fusion approach. The evaluation shows that a combination of
both sensors has a significant improvement over the individual
modalities explicitly in the avoidance of FN and the overall
MOTA performance.

Nevertheless, explicitly overcrowded scenarios show that
the reduced horizontal resolution of the radar can only be
compensated for to a limited extent. More complex approaches
such as deep learning or a lower fusion level on both sensor
modalities are required here [9]. Another important point is the
generation of features from the event data. Here, our first
publication already shows a deviation from the radar features.
A more sophisticated approach should also be considered here.
For example, instance segmentation could be used [21]. At the
same time, there is also the possibility of clustering the event
point cloud to be more robust [22]. In addition, validation with
real events and adaptation to dynamic scenes is essential for
practical use in the context of autonomous driving.
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