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Abstract

Recent advancements in machine learning suggest that adopting an end-to-end deep
learning approach for multi object tracking in radar applications could be advantageous
compared to the current methods based on Bayesian statistics. Utilizing and building
upon the Detection Transformers architecture, developed for images, the MultiTarget
Tracking Transformer v2 (MT3v2) was developed to handle point object tracking radar
data in a model-based environment with promising potential for extended object tracking
tasks.

This work sets out to test previous proof-of-concept and expand into the domain of
reality with the MT3v2 network utilized as a base architecture. A semi-model-free
environment was used, with radar data generated from the CARLA tra c simulator
to test various modes of tracking. Altering the architecture of the MT3v2 network to
enable handling of extended objects, making it compatible with a multi extended object
tracking scenario. To evaluate the deep learning approach to see if it is comparable with
state of the art tracking method, a generalized optimal subpattern assignment metric is
used for extended objects to grade the di erent trackers.

During training and evaluation, the results shows that the MET3v2 network is able
to learn from simulated radar data to enhance tracking performance over time. The
results also suggest that a model-free approach when working with multiple extended
object tracking problems for radar detections could be used to yield improved tracking
performance.
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Introduction

Signi cant advancements in Deep Learning (DL) have allowed the domain of image
processing, among others, to rapidly gain momentum in recent years. Tasks that earlier
required manual labour to complete are now often assisted or completely carried out
with DL methods. Among its uses, a common task that has proven useful in a wide
variety of applications is multi object tracking (MOT) that predicts the states of objects
that are of interest. Use cases are diverse and can include advanced driver-assistance
systems (ADAS) [1], tra c surveillance [2], or animal behaviour [3].

This paper aims to investigate MOT with with radio detection and ranging (radar)
sensing in a tra c environment. The task involves maintaining the identities and tra-
jectories of multiple objects in dynamic setting, contending with detection uncertainties,
intricate data association due to proximity and occlusion, dynamic and unpredictable
object motion and identity switches. This di ers from domains like images, where the
tracking data is more discernible and deterministic, being less ambiguous and more
concrete when working with high resolution data.

Images have thus taken the spotlight when it comes to computer vision research and
practical applications. This is likely attributable to the rapid advancement of camera
technology over the years, resulting in high-resolution images at low cost, analogous
to how advancements in GPUs have accelerated deep learning progress. However, this
modality has inherent limitations, as while images provide spatial information about the
arrangement of objects, they do not convey data about object distances or velocities.

As an alternative to the camera modality, light detection and ranging (lidar) technologies
have become integral to tasks such as object detection in autonomous driving systems
and topographic mapping. Lidar systems are renowned for their high resolution, accu-
racy in 3D mapping, and ability to operate e ectively both day and night.

On the other hand, radar systems, despite having a longstanding history, have not gar-
nered the same research attention during the recent "Arti cial Intelligence (Al) boom™ as
image-based and lidar technologies. radar o ers distinct advantages however, including
all-weather capability, long-range detection, and robustness against interference through
various Itering processes. While both lidar and radar systems are expensive and com-
plex, integrating radar with deep learning methods could potentially deliver comparable
results to lidar, with the added bene ts of being more compact and cost-e ective.

The current state of the art (SOTA) methodology for implementing MOT faces several
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challenges, particularly when using Itering techniques. A variety of Iters exist, each
employing di erent approaches, and have demonstrated impressive accuracy and com-
putational e ciency, however they often require extensive parameter tuning to achieve
optimal performance. For instance, the Poisson Multi Bernoulli Mixture (PMBM) Iter
has been shown to e ectively track objects when given radar data [4], [5]. The tuning
process however, is heavily dependent on the speci c characteristics of the radar data,
which introduces additional complexity. Given these challenges, it is worth exploring
the potential of replacing traditional Itering methods with an end-to-end DL approach.

Transformer architectures are a relatively recent addition to the Al toolbox [6], bringing
the attention mechanism to DL. This approach has demonstrated remarkable success in
sequence-to-sequence tasks [7] and even image-based detection and tracking [8], [9] in
computer vision. Since their introduction, transformers have gained signi cant momen-
tum, potentially emerging as the new SOTA across various elds where Convolutional
Neural Networks (CNNs) have traditionally been the preferred method. Given these
results, it is worthwhile to explore whether this DL methodology could serve as an e ec-
tive alternative to, or even surpass, the current SOTA radar MOT Iters that are based
on Bayesian statistics.

Recent research on radar tracking using DL methods has shown promising potential,
particularly with the application of transformer networks. The MultiTarget Tracking
Transformer v2 (MT3v2) as introduced in [5] as a proof-of-concept tracker, demonstrat-
ing that synthetic radar data fed into the network could perform competitively with
current SOTA tracking Iters without the need of mathematical models for predictions.
The MT3v2 has only been evaluated in a controlled point object tracking (POT) sce-
nario and has not yet been tested in real-world setting. Reality often entails complex
MOT tasks that requires extended object tracking (EOT) since most objects span a
volume instead of a point in space.

In an attempt to further bridge the gap between proof-of-concept and practical appli-
cation, this thesis investigates the performance of the MT3v2 transformer network in
a more realistic, stochastic simulated environment requiring solving multi extended ob-
ject tracking (MEQOT). Although the ideal scenario would involve real-world data, the
scarcity of data annotations necessitates the use of the CAR Learning to Act (CARLA)
tra c simulator, where a simulated radar tool will generate the required data and labels
as an intermediary step towards reality. This work extends the research conducted in [5],
advancing the development of the MT3v2 network with focus being on assessing how
the network adapts to more complex, lifelike data and identifying potential improve-
ments that could bring the network closer to processing real-world data with minimal
preprocessing.

By examining the compatibility and application of machine learning in this context, this
work seeks to build on the promising results of previous studies, despite the inherent
challenges posed by radar’s low-resolution and highly correlated data.

1.1 Problem formulation and research question

» How well can a transformer-based architecture learn MEOT from radar data gen-
erated by the CARLA simulator?
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< How does a transformer-based MEOT approach compare to a current SOTA model
based method, evaluated with GOSPA?

1.2 Scope

This paper focuses on training the tracker using data and measurements from a single
stationary radar. The data is adapted to be predicting bounding boxes in 2D, although
the collected points are registered in 3D. This is done in order to reduce the dimension-
ality and complexity of the task.

The data is collected from CARLA using an in-house developed radar module, designed
to emulate the radar employed by Saferadar. Consequently, the trained network is
tailored speci cally to this radar’s characteristics and may not generalize well to data
from radars with signi cantly di erent speci cations; the base case is however, to be
established.

Although a DL solution could be trained to track a variety of di erent objects, such as
pedestrians or two-wheelers, this work sets out to track vehicles that are prede ned in
CARLA using only deterministic driving models. In addition only one CARLA map is
used for generating training and validation data.



Theory

2.1 Radar

Radar detection technology is based on echo-localization and uses radio waves to detect
objects in an area that the radio waves span. The waves are emitted from a transmitter,
which travel through space until they hit an object which in turn re ects the wave back
to the radars receiver. The waves that are returned are then measured in terms of
amplitude and phase to determine amongst other, the position and velocity of the hit
object [10]. A major advantage of using radar apart from other modalities such as lidar
and camera is that the radar can yield velocity measurements from the targets hit.

The measurements yielded by a radar is a point cloud that is the union of the set of
clutter measurements and the set of readings from real targets. This can be expressed
as zy = my [ c¢ where z¢ denotes the total amount of measurements in a time step
m¢ the measurements from objects and ¢, the clutter measurements [11]. Clutter read-
ings are unpredictable and can cause more or less problems when interpreting point
clouds depending on the intricacy of the task at hand. When dealing with radars and
radar technology, statistics plays a signi cant role. Interpretation of the state space by
using radar technology naturally deals with uncertainty from noise since disturbances
and random events are interfering with the radio waves that the radar emits and later
receives.

Since the technology has been around for a long time, extensive research has been
conducted in the eld and has resulted in di erent radar techniques and architectures.
This is to tailor the radars behaviour for the speci ¢ application yielding the desired
measuring behaviour. One of the key di erence of a radar is if the radar waves are pulse
based or continuous [10].

2.1.1 FMCW-radar

The radar that is intended to be of interest in this work is the Frequency-Modulated
Continuous-Wave (FMCW) radar. It is commonly used and has been proven e ective in
the automotive industry [12], [13] and in DL applications [|14] and builds on the contin-
uous wave technique where the radar emits a continuous wave and registers the points
from where the radar gets a signal back and their frequencies. In order to separate the
di erent measurements over time, the frequencies are modulated over time in chirps that
increases the frequency over a period of time and then start over after a set time to begin
the next chirp. By receiving these signals the radar can estimate the radial distance,
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angle, radial velocity and signal strength of the objects from where it receives detections.
Other implicit measurements used to gain information about the measurements are the
signal to noise ratio (SNR) and radar cross section (RCS).

As in all radars, noise in the measurements collected with a FMCW-radar is common.
Velocity measurements from a vehicle can for instance vary despite that the entire vehicle
and its body moves at the exact same speed. Two measurements, that came from the
exact same spot on a vehicle moving at constant speed, might give di erent velocity
readings. The same goes for other measurements including distance and especially angle
measurements.

2.2 Radar tracking

Object tracking in radar applications includes estimating the state space in the target
area by evaluating point clouds from measurements that is yielded from a radar unit.
The tracking is often derived from data association between the points in space and
time and the similarities or dissimilarities between them. Doing this over time lets
the data association work recurrently between the time steps and weights the current
information with the information gained from the next time step to set up a hypothesis
of the current state space. Since the data yielded from radar units often can be noisy,
statistical models are often used to incorporate the uncertainty in the model.

When tracking objects in radar applications a prediction step is usually included. Pre-
dicting includes estimating the position and kinematic state, and in the case of tracking
extended objects, also the extent. This gives information about where the objects po-
sition is but also the motion including the velocity, acceleration and turn-rate. This
in turn gives information of where the objects position in the next time step by ex-
trapolating the state and then comparing it with the actual information given from the
measurements in the point cloud.

The ability to keep tracks is directly dependant on the data that the tracker receives to
base its estimates on. A di erentiation between data containing high and low amounts
of information can be made to de ne the challenges that comes with it. With state
representations with data that contains low information such as the radar, one of the
main challenges are to make correct assumptions of which measurements in the point
cloud are objects of interest and which are clutter and do robust tracks on those data
points. This makes tracking with radar measurements, especially in cluttered and noisy
environments, a rather di cult task and di erent methods have been developed to
resolve these issues [15], [16]. The ideal environments to use radars for tracking purposes
can therefore be argued to be low clutter environments such as the sea and the sky. Since
there is a probability to detect the objects of interest as well as other objects that are
labeled clutter, the distinguishability between objects and clutter can become very hard
if they share similar traits.

Another challenge on working with tracking on radar data is that the radar yields
probabilistic readings, which builds on statistics to account for the measurement noise,
clutter and occlusions. A usual method to handle the low information or uncertain data
is to use Kalman Iters and are present in most model based trackers [17]. The Kalman
Iters however are also probabilistic which means that the output yielded is yet another
representation of the data that corresponds more or less well to the true state.
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2.2.1 MOT

Multi object tracking, in contrary to single object tracking, is the case when the task is
to track several objects in each time step. The case of MOT can be seen as the more
challenging one compared to single object tracking since the measurements have the
possibility of being associated to di erent objects and the uncertainty that it entails.

Multi object tracking entails added complexity since data association becomes an in-
creasingly hard task compared to the single object case. Multiple objects moving in the
state space yields points that can be more or less noisy and the measurements that are
deemed to stem from objects i.e. not clutter needs to be attributed to an object in order
to make an estimation of the current state. This is often a di cult task in scenarios
where objects tend to be moving close to each other since there are issues attributing a
measurement to the correct objects.

Another di culty when working with MOT is that di erent objects may have their own
unique motion model. This becomes a problem when trying to extrapolate between
the time steps to identify object based on their movement. Combining multiple unique
behaviors with a dynamic velocity pro le makes the task at hand hard to tackle in order
to get a good and robust tracking performance.

2.2.2 EOT

Another important aspect that e ects the tracking task is if the targets are modelled
as points or extended objects. When dealing with extended object tracking the data
association becomes increasingly di cult since objects that span an area or volume can
yield multiple measurements in a single time step. Thus, point object tracking is often
seen as a simpli cation of the problem making the assumption that each object in the
state space only can produce one measurement per time step. Most cases of radar
tracking in real life when in short range environments such as urban environments are
considered to be extended and is therefore a highly relevant topic [18].

Tracking extended objects is interesting when the radar receives points from objects
that are likely to produce more than a single point in each time step. When dealing
with EOT the state estimation goes from estimating the centroid and its kinematic state
to also include the extent, which describes the shape of the object. Since there is the
possibility of receiving multiple points from one object in EOT, it leads to a problem
in determining which measurements that come from that object and how to attribute
them. This leads to new challenges as to associating the data points received to one
another and to make an accurate estimation. When also dealing with a case containing
MOT, this becomes one of the main problems since the uncertainties naturally are very
high.

Tracking multiple objects which are extended at the same time, becoming a multi ex-
tended object tracking (MEOT) task, can be seen as a more complex and more realistic
task since the number of objects over the course of time is varying and may also be
occluded in parts of the duration. The uncertainty of the measurements are high in
the sense that multiple measurements can be associated to one same object while still
needing to be aware of object birth. This gives rise to the need of trackers that can
track in highly uncertain environments [18].
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2.2.3 Tracking performance metrics

To evaluate how well a tracker manages to estimate the state space in a time step, a way
to measure performance is needed. The most interesting metric to evaluate is in rst
hand accuracy, in terms of position. But metrics concerning also velocity or cardinality
of the estimations are also of interest. Other metrics that may be interesting is how
well the tracker can distinguish the identities of tracks coming from di erent objects if
doing labeled MOT, discern readings generated by objects from clutter that does not
stem from objects that are of interest or how the extent of the estimation correlates to
the true extent of objects if dealing with EOT. Other performance metrics that does not
concern the tracks directly could be to measure the inference times and the scalability
of the tracker when increasing complexity of the data from the radar.

2.2.4 GOSPA

The Generalized Optimal Subpattern Assignment (GOSPA) metric is a performance
measurement for multi object tracking systems that evaluates trackeraccuracy. The
metric was introduced in [19] building on the optimal subpattern assignment metric,
with the basic principles involving computing the cost of associating estimated tracks
with ground truth tracks, considering both localization errors and cardinality di erences.
Mathematically, it can be expressed as

C;2 = i )P i iXi+iYi ivi
di2CY) = [min | D7 d(xig)P + S (XJ+]Y] 20 2.1)
@i:3)2

Where X is the set of objects present and Y the set of predictions made by the tracker.
The equation can be divided into two di erent terms, one that penalizes bad estimates
that measures the o set between prediction and current state the other term is the
cardinality error that penalizes if the tracker predicts too many or too few objects present
in the state space, this encourages a balance between track purity and completeness.

The GOSPA metric is de ned by a set of parameters including the localization error
threshold, the cardinality error threshold, and a decay parameter that controls the im-
pact of distance on the assignment cost. By varying these parameters, GOSPA can
be tailored to di erent tracking scenarios and application requirements. Evaluating
tracking performance using GOSPA provides insights into the overall accuracy and ro-
bustness of the tracking system, allowing for comparisons between di erent algorithms
and con gurations.

2.2.5 GOSPA for extended targets

When dealing with targets that have an extent, both the orientation of the objects and
their extent becomes factors to be accounted for in order to rank how well the tracks
approximate the objects true state. To account for these factors the original GOSPA
metric can be modi ed by adding a Gaussian Wasserstein distance as the localization
error in place of the sole distance between the points that represents the targets. This is
shown to be e ective for evaluating elliptical representations of shapes [20]. The distance
is measured as

dewp (11;2, 1;2):\/kM1 Pk +Tr( 1+ 2 2( 17 2 1)) (2.2)

Where p is denoting the centroid and is denoting the covariance matrix of the shape.
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2.3 Conventional approach to radar tracking

The conventional approach when tracking objects from a feed of radar data in a model
based setting is to use Iters that takes the data and try to create a relationship between
the points in the cloud at each time step to estimate the true state. The Iters are
recursively updating the estimates using Bayes’ rule, which combines prior knowledge
with the newly gained information fed from the radar in each time step. The tracking
behaviour depends on a set of parameters speci ¢ for the Iter used. The parameters
are tuned for the Iter to give desired tracking behaviour depending on the data yielded
from the radar to start and continue a track over time. Tracks are started and continued
by evaluating the correlation between the set of readings between time steps and giving
each track an existence probability. The Itering procedure can therefore be seen as
having a current state and an updated state, where the updated state in the next step is
dependant on the current state from the previous time step [21]. This can be expressed
as

plrkiz, Ze 1)p(akiZi 1) _ pGiz)p(eZe 1) @.3)

Ly = _ .
P(xKjZk) 2GiZe 1) P(jZk 1)

where Zyx denotes the available measurements, xy the state vector and zx the newly
gained measurements at time k. Because of the recurrency of the state estimation xy
with a posterior and an update, it can be expressed as a function of Z, between time
steps and can be seen as a Markovian chain where the gained information from the
measurements increase or decrease the probability of existence from a track. The state
at time xy can therefore be obtained by using the Chapman-Kolmogorov equation [21].

pedZe 1) = / iz Dp(ee 1iZc 1)daw (2.4)

Since the Itering uses random nite sets to work with the probabilistic data association,
some kind of heuristics are often included to reduce the computational load and the
accuracy of the estimations. A possible approach to use weights and gating that keeps
the hypothesis of the closest detections. The heuristics becomes increasingly important
when dealing with tracking Iters using multiple hypothesis in the tracking procedure.

2.3.1 PMBM

The Poisson Multi-Bernoulli Mixture Iter was rst introduced in [22] and has since
shown good performance in both MOT and EOT scenarios [23],[24],[25]. The main idea
of the PMBM Iter is to combine a Multi-Bernoulli mixture (MBM) Iter and a Poisson
Point Process (PPP).

The MBM Iter keeps track of the detected objects updating likelihoods and hypotheses
depending on the measurements received. The PPP models the undetected objects
missed in the measurements. Thus the addition of a PPP prior helps with the birthing
of objects that are as of yet, occluded. This results in a joint probability density function

p(\,2) =P(\) MBM(z; m, P) (2.5)
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By combining these models, the PMBM Iter uses the PPP and the MBM to create
a tracking behaviour particularly helpful in uncertain environments. The MBM Iter
then updates the existence likelihood of detected targets, represented by a mixture of
hypotheses [22]. The kept state is then predicted by incorporating a motion model that
predicts the o set of the state between time steps and are then compared to the new
measurements fed to the Iter as described in Eq. [2.3] The overall functionality is
illustrated below highlighting the primary components of the PMBM Iter.

Measurements J W [ Estimated state
L Data J l State estimate ]—»[ Prune and merge ]—»[ Final estimate ]74)

Prediction

Figure 1: Simpli ed procedure of a PMBM Iter.

The PMBM Iter is then tuned depending on the data fed to the Iter and the individual
task to best represent the true state space for accurate tracking behaviour. Further
explanation and derivation of the PMBM Iter can be read in [22].

PPP

A Poisson Point Process (PPP) is a stochastic model that describes the distribution of
random points. The process uses a Poisson distribution to model the points over a given
area that is independent of earlier outcomes. The model receives the randomly birthed
points according to A depending on the area of possible estimations over a Gaussian
distribution with mean m and covariance P

pA) =PQ) (G(z;m, P)) (2.6)

Since the PPP model is independent of earlier outcomes, it serves as a good tool to
model randomness and unpredictable events.

MBM filter

The Multi-Bernoulli Mixture (MBM) Iter associates data given to the Iter by build-
ing cost matrices [26]. From the cost matrix, the Iter generates tracks in form of
independent Bernoulli components which have weights and state distributions where
each component can be seen as a potential track. The Bernoulli components each have
an existence probability and a weight as a kind of con dence measurement in the com-
ponents. The components hypothesised states are summed with regards to the weight
assigned to make a global hypothesis that results in the track. If the components have
an existence probability below a set pruning threshold, the component becomes removed
in the pruning process and discontinued in the tracking process. The tracks that are
kept in the pruning process are then extrapolated by incorporating a motion model that
the tracks are expected to move accordingly to. Instead of just using one hypothesis
for each track, a mixture of multiple hypotheses are kept with weights tied to them and
evaluated in each step depending on the measurements given in the next step.

p@) =S wi [] (i p(a)) @7
]

Where }~; is the sum of the ¢ di erent hypotheses connected to a track and ]'[j a single
hypothesis and w; the weight connected to it. 7;; denotes the existence probabilities of
a component and p;:j(x) the state distribution. Further derivation can be found in [26].



Chapter 2. Theory

2.3.2 GGIW-PMBM

When wanting to perform extended object tracking with the PMBM Iter, it is of interest
to model the predicted extent of the objects. One way to do this is to use the gamma
Gaussian inverse Wishart (GGIW) model to represent the object state [27]. This makes
the Iter apart from only tracking the center point of the objects also estimate how
the object spans the room. The general tracking behaviour is alike the case of using a
PMBM Iter for POT by incorporating motion and measurement models to estimate the
state but with the addition of the GGIW distributions. A novel challenge however is the
fact that an object can give more than one reading per time step which gives rise to the
association problem as introduced in[2.2.2] To address this, the Iter introduces merging
that is the result of di erent Bernoulli components becoming merged together if they
meet a set criteria since they are considered to stem from the same object. This is seen
to have been e ective and a common methodology when working with extended objects
[28],]29]. The PMBM Iter then updates the state in a similar fashion as described
in gure [1} where the weights of the Bernoulli components depending on how well the
GGIW state corresponds to the measurements given. This results in a model based state
space estimation that updates with each time step depending on the current estimated
state, the prediction depending on the motion model and the new data from the next
time step.

GGIW

The GGIW model uses the gamma distribution, Gaussian distribution and the inverse
Wishart distribution to model the properties of the extended target and yields the scale,
centroid and shape that is used in the estimation. A more thorough explanation of the
model can be found in [30].

p(A,x, X) =G(Aa,b) G(x;m,P) IW(X;V,v) (2.8)
Where A, x and X is given by the di erent distributions.

The gamma distribution deals with measurement rate and scale of the tracked object,
yielding the measurement rate denoted as \.

G(\; a,b) (2.9)

Where a denotes the shape parameter and b the rate parameter which both are connected
to the size of the tracks and how often the object should have produced readings. The
shape parameter is connected to the variance of the expected size of the tracked objects
with a low value resulting a bigger variance of size or uncertainty from readings and
the rate parameter e ecting how the size from the initial track is changing over time
depending on the amount of measurements received close to the track.

The Gaussian distribution deals with the kinematic state to attribute the track a position
and velocity which are given as the variable z.
G(x;m, P) (2.10)

With m denoting the state vector which holds information about the position and veloc-
ity of the centroid and P the covariance matrix that are connected to the uncertainties
of the state vector estimates.

The inverse Wishart distribution models the shape, size and orientation of the object by
creating an elliptic shape as the track. From the distribution one receives a covariance

10
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matrix X.
IW(X;V,v) (2.11)

Where V' is the scale matrix and v the degrees of freedom. The scale matrix controls
the expected shape and extent of the tracked objects and the variance or uncertainties
in the di erent directions of the extent. The degrees of freedom can be seen a level of
con dence of the scale matrix where a high value correlates to a high con dence and
thus will concentrate the distribution around the scale matrix.

11
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2.4 Transformer network

The transformer network (TN) architecture was originally proposed in [6], submitted by
Google, which aimed to improve sequence-to-sequence data handling. A key innovation
introduced is the self-attention mechanism which allows the model to weigh the impor-
tance of di erent elements within a sequence, enabling it to attend to di erent parts
of the input for each output. This ultimately helps the network capture long-range
dependencies and contextual relationships within the sequence.

The architecture includes two modules called the encoder and decoder stacks, composed
of multiple layers. Within each layer, the Transformer utilizes self-attention mechanisms
to capture contextual relationships between words in the input sequence. Multi-head
attention involves running multiple self-attention operations in parallel, each with dif-
ferent learned parameters. This allows the model to attend to information from various
representation subspaces simultaneously, enhancing its focus on multiple aspects of the
input data.

Output
Probabilities

Add & Norm
Feed
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| Add & Morm ﬁ
sed i) Multi-Head
Feed Attention
Forward T ) RS
—
N Add & Morm
~—| Adc & Norm | Maskod
Multi-Head Multi-Head
Attention Attention
_t 4 At
\ J o\ —)
Fositional @—(3 @ Fasitinnal
Encoding Encoding
Input Qutput
Embedding Embedding
Inputs Outputs
{shifted right)

Figure 2: The transformer network as proposed by [6].
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Input Embedding and Positional Encoding

The initial step is converting the input sequence, typically a sequence of tokens, into a
continuous vector space. This transformation is achieved through an embedding layer
that maps each token in the sequence to a corresponding dense vector. This can be
achieved through a Feed Forward Network (FFN) or a learned positional encoder. Given
an input sequence of tokens z;., where n denotes the number of tokens, the embedding
layer projects each token into a dn,-dimensional space:

Z1:n 2R" ¥ e, 2R" 9 (2.12)

Here, e;.n represents the embedded sequence, and dn, is the dimensionality of the em-
bedding space, which corresponds to the size of the output from the embedding layer.

Since the transformer architecture does not inherently capture the sequential nature of
the data, a positional encoding is added to the embedded tokens to provide information
about the relative positions of tokens in the sequence. The positional encoding can be
a deterministic function of the position index ¢ and the dimension j of the embedding
vector, as de ned by:

PE(@,2j) =sin | ————— PE(,2j+1)=c0S | ————— 2.13
(.2 =sin (spoagrmar ) PEG2I+D =008 (o) (219
No
i=0
)
j=0
j=1
>— dn =4
j=2
j=3
-/
Figure 3: Illjustrating positional encoding of Eq.
This positional encoding is then added to the token embeddings:
e;.n = embedding + PFE(7) (2.14)

13
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where e;.n 2 R™ 9= carries both the content of each token and its position in the
sequence.

Self-attention mechanism

The heart of the transformer model is the self-attention mechanism, which allows the
model to weigh the importance of each token relative to every other token in the se-
qguence. This mechanism enables the model to focus on di erent parts of the input
sequence regardless of their positional distance.

Given the embedded sequence Epos, the self-attention mechanism begins by projecting
the embeddings into three distinct matrices: Query (Q), Key (K), and Value (V). These
projections are achieved through learnable weight matrices Wq, Wik, and Wy, each
of dimension dm  dm:

Q=eWg, K=eWg, V=eW, (2.15)

Here, Q, K, and V each have the shape n  dn,, corresponding to the number of tokens
n and the embedding dimensionality dm.

In multi-head attention blocks, each of these matrices is divided into h heads, splitting
the embedding dimension d, into dx = % (k denoting keys in the original paper):

QW K® vO®2R" 4% fori=1.. . h (2.16)

The self-attention mechanism calculates the attention scores by taking the dot product
of the Query and Key matrices for each head. These scores determine how much focus
each token should receive relative to others:

fori=1,...,h (2.17)

14
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Attention Visualizations
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Figure 4: Self attention visualized for a single head, illustrating its learned attention
scores between words. Taken from [@]
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Figure 5: Masked self attention visualized as a heat-map for a single head, illustrating
its learned attention scores of words in sequence. Taken from .

To ensurelggnerical stability and prevent excessively large values, the dot products are
scaled by * dx. The scaled scores are then passed through a softmax function to produce
the attention weights, which normalize the scores across each token:

0 = softmax (A(i)) v (2.18)
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The output of the self-attention mechanism for each head is a weighted sum of the Value
vectors, where the weights are determined by the attention scores.

Masking

Masking is an e cient way of training the the self attention weights on words sequen-
tially. Attention between words must never be propagated backwards so that only
previous words may in uence future words in a sentence. This e ectively lets the model
train more per sentence as it needs to learn how words propagate forwards in a sentence
(or rather in sequence). In simpler words it lets the model predict what token by only
knowing came previously in training, here illustrated in Fig.

Multi-Head Attention Scaled Dot-Product Attention

MatMul

Scaled Dot-Product
Attention

Figure 6: Detailed self attention mechanism module from [6].

Multi-Head Attention and Output

The outputs from each attention head are concatenated and then projected back to the
original embedding space dm:

O = Concat(O®, 0@ ... . 0Mwg (2.19)

where Wo 2 R+ dm js a learnable weight matrix used to project the concatenated
outputs back to the embedding space.

The resulting matrix O 2 R™ 9 contains the nal representations of the input sequence
after applying self-attention, capturing the dependencies and relationships between to-
kens in a way that accounts for both content and position.

The transformer architecture, through its embedding process, positional encoding, and
self-attention mechanism, allows for highly exible and powerful modeling of sequen-
tial data. Through multiple attention heads and parallel processing, transformers can
e ciently capture complex dependencies and relationships in data, making them par-
ticularly e ective for a wide range of tasks in natural language processing, computer
vision, and beyond.

16
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Cross-Attention in Transformers

Cross-attention is a variant of the attention mechanism used in transformer architec-
tures, particularly in tasks that involve interactions between two di erent sequences,
such as in sequence-to-sequence models (e.g., machine translation) or in multimodal
applications (e.g., combining text and image data). While self-attention operates on a
single sequence, allowing the model to focus on di erent parts of that sequence, cross-
attention enables the model to attend to a di erent sequence entirely, making it crucial
for tasks that require the integration of information from multiple sources.

Cross-attention operates similarly to self-attention, but with a key di erence in the
sequences being attended to. The source Sequence (or "Memory") is the encoder output
which will be computed into Key and Value while the Target Sequence is what Queries
the source sequence. Note here that the target sequence is an output from the decoder
self-attention module as shown in Fig. [2

The operation is the same as in regular self-attention but the sequences can be of di erent
lengths. The target sequence Y 2 R™ 9= js linearly projected to produce the Query
matrix Q:

Q=YWgq, where Q2R™ % (2.20)

The source sequence X 2 R™ 9 is linearly projected to produce the Key (K) and Value
(V) matrices:

K=XWx, V=XWy, where K, V2R" d (2.21)

Here, Wo, Wk, Wy 2 RY» dm are learnable weight matrices, and dy is the dimension
of the projected space d,, divided by number of heads as done in Eq.

The attention scores are computed by taking the dot product of the Query matrix Q
with the transposed Key matrix KT :

KT
A= %ﬁ where A 2R™ " (2.22)

The rest follows the same process as presented in Eq. [2.17] through [2.19

Layer Normalization

Normalization, or batch-normalization, is a function often applied in deep learning, re-
centering and re-scaling inter-layer outputs to 0 1 to avoid gradient explosions [32].

In the transformer architecture, layer normalization is applied at multiple points, helping
to stabilize the learning process by ensuring that the inputs for each layer are normalized,
reducing the internal covariate shift. Similarly, the input to the self-attention mechanism
is often normalized as well, which helps in dealing with varying scales of input tokens,
ensuring that the attention mechanism operates more e ectively. In both cases, layer
normalization contributes to making the transformer model more robust, allowing it to
handle the complex dependencies and relationships inherent in sequential data.

Given an input vector x 2 RY from a speci c layer in the network, layer normalization
computes the normalized output % by rst calculating the mean x and variance o across
the elements of x:

17
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1
n=s ;xi (2.23)
1 d
o? = - ;m 1) (2.24)

Where:

xj is the i-th component of the input vector x. d is the dimensionality of the input
vector. The input vector x is then normalized as follows:

A= pt (2.25)

Here:

e is a small constant added for numerical stability, preventing division by zero. After
normalization, the output is scaled and shifted using learned parameters v and g3:

yi =78+ (2.26)

The nal output vector y has the same dimension as the input vector x but is now
normalized, with the option to be scaled and shifted by the learned parameters. This
process ensures that the distribution of activations remains consistent, helping the model
to converge faster and perform more e ectively.

Softmax Function

The softmax function is a fundamental component in many ML applications; converting
layer outputs a normalized probability distribution with the sum of 1. Inherent to the
function is that the softmax function ampli es the di erences between high and low
scores through exponentiation. This helps the model to focus more sharply on the most
relevant tokens while diminishing the in uence of less relevant ones.

In the transformers self-attention mechanism softmax it is used to convert raw attention
scores into a probability distribution. This allows the model to weigh the importance of
di erent tokens in the sequence relative to one another, see gures[4 and [5

For each element ! in the attention score matrix AM for head h, the softmax function

ij
(h)

computes the corresponding attention weight wj;~ as:

h
") _ exp(ai(j ))
w_. -_—
(h)

s (2.27)
! > k=1 XP(ajy
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where S/ _, exp(aﬂ(‘)) is the sum of the exponentials of all the scores in the i-th row of
A®M  ensuring that the resulting weights sum to 1.

The resulting attention weights Wg't)t are then used to compute the weighted sum of the
value vectors V:

oM =wv® (2.28)

The DEtection TRansformer (DETR) [9] was introduced as a new approach to object
detection by formulating it as a direct set prediction task, di ering from the traditional
ordered multi-stage pipelines. In conventional object detection methods such as the
Regional-based Convolutional Neural Network (CNN), the process involves generating
a large number of candidate bounding boxes (proposals), classifying each proposal, and
then re ning the results through techniques like Non-Maximum Suppression to eliminate
duplicates and false positives [33]. The ordered nature of traditional object detection
models is characterized by this kind of sequential processing and the separate training
of individual components, each of which depends on the output of the previous stage,
see Figure [8l This ordered structure increases the complexity of the architecture, as it
requires tuning and management of multiple interdependent stages. Each stage operates
on a sequence of inputs and outputs that must be managed in a speci ¢ order, making
the entire pipeline more complex and sensitive to the ordering of operations. This
traditional approach, while e ective, introduces complexity due to the reliance on hand-
crafted components and post-processing heuristics.

Figure 7: Hlustration of non-maximum suppression used in object detection and classi-
cation.
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Figure 8: Illustration of an R-CNN pipeline

Furthermore by handling object detection as a direct set prediction problem in an end-
to-end manner it diverges from the autoregressive model presented by [|§]| that predicts
the output sequence one element at a time (word by word, beginning with a <START >
token and ending with <END>). The model outputs a xed number of predictions N,
of which the order does not a ect the nal results. During training, a bipartite matching
algorithm, speci cally the Hungarian algorithm, is employed for a one-to-one matching
between prediction and ground-truth object in training. This matching is what allows
for the model to be permutation-invariant, avoiding duplicate predictions and accurately
learn object representations, re ecting the set-based nature of the task.

In the end, transformers allow for capturing global context across the entire image, lead-
ing to highly accurate predictions with a simpli ed and more uni ed pipeline. However,
DETR’s training requires large datasets and longer convergence times compared to tra-
ditional detectors, but its end-to-end trainable nature and simplicity make it a powerful
approach in modern object detection tasks.

2.4.1 DETR
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Figure 9: DETR network architecture taken from [|§]|

The process begins with a CNN, typically a ResNet, which processes an input image I 2
RH W 3 to generate a lower resolution activation map Fo 2 RH W © where H = H¢
and W = % are the spatial dimensions, and C = 2048 is the channel dimension. The
extracted feature map is further processed and then attened into a into a sequence of

vectors zg =2 RM 9 suitable for processing by the transformer, resulting in a sequence
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of length hw with element vectors of d. A standard positional encoding, described in
[6], is added as the nal prepossessing step.

Each encoder layer then re nes the sequence of feature embeddings by allowing each
element of the sequence to attend to all others (self-attention), capturing global de-
pendencies and context within the image. The output of the nal encoder head is
then passed to the decoder which receives a xed set of learned embeddings, called
object queries Q 2 RN« 9 where Ny represents the maximum number of objects (eg.
Nq = 100) the model can predict.

These queries interact with the encoder’s output embeddings through the cross-attention
mechanism, producing a set of output embeddings O 2 RN« 9, where each embedding
represents a potential detected object. Each one of these embeddings are passed to a
shared prediction head (FFN) which will predict a detection with class and bounding
box or a "no-object" class.

DETR Loss functions

DETR uses a bipartite matching loss to ensure a one-to-one correspondence between
the predicted objects and the ground truth annotations. Matching is done using the
Hungarian algorithm, which nds the optimal assignment of predictions to ground truth
objects.

The matching cost between a predicted object and a ground truth object is a combination
of the class prediction loss (cross-entropy) and the bounding box regression loss (a
combination of /1 loss and the generalized loU loss):

Cost = Aglass  CrossENtropy(, c) + Appox  £1(b, b) + Agiou GloU(b, b) (2.29)

where € and b are the predicted class and bounding box, respectively. ¢ and b are
the ground truth class and bounding box, respectively. Aciass, Abbox, and Agiou are
hyperparameters that balance the contributions of each loss.

2.4.2 Bounding box Loss

An ordinary Complete Intersection Over Union loss (CloU) works with four coordinate
points and calculates two additional losses besides the loU and is expressed as follows:

2
Lciou =1 IOU"‘%"‘CLU (2.30)
4 gt
v = p(arctan% arctan%)z (2.31)
v
= 2.32
« (1 IoU)+vw (2.32)

where the fraction d—zz calculates the center o set and av calculates the aspect ratio

! c
discrepancy.
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This loss function is extension of the generalized loU loss function used in the original
DETR.
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2.5 MT3v2 Architecture

The MultiTarget Tracking Transformer v2 network introduced by [34] and later re ned
in [5] is a transformer network designed to predict states from a set of radar readings.
MT3v2 was developed to compete with SOTA radar tracking methods and has demon-
strated competitive performance in testing. The architecture uses a standard encoder,
modi ed decoder and a selection mechanism employed to enhance training speed and
performance, partly inspired by the deformable DETR [35]. The loss functions are em-
ployed at multiple stages such that the model iteratively trains on intermediary object
queries at each decoder block. Additionally a contrastive auxiliary loss function is used
to train the embedding outputs as well.

Subsequent sections give an account for the MT3v2 network processes used in this
research. Most components remain unchanged with modi cation made mainly to replace
Multi-Bernoulli densities with bounding box prediction and adapt the networks ability
to work with measurements from CARLA.

Zln bin  Total Loss

Figure 10: MT3v2 architecture taken from the paper [5].

2.5.1 Input data

The network uses radar measurements which include range (r), radial velocity (vy),
angle (¢) and time-step (¢). For each time-step the radar may detect a varying amount
of measurements n¢. These measurements are concatenated, to form a time-step block
with measurements. Lastly, several time-step blocks are concatenated in temporal order
and fed to the network as a sequence xi.¢ 2 R™ N where N is the total number of
measurements and m is the measurement dimension.

2.5.2 Preprocessing measurements

The measurements are encoded both in the domain of time and space to align the
measurements with the dimensional requirements of the transformer model and ensure
consistency across varying scales and to facilitate subsequent transformations by the
network.

A learned positional encoder (similar to [6] which uses sinusoidal components) is ap-
plied to the temporal sequence in the measurements, projecting each time stamp into a
high dimensional vector and in turn transforming the sequence into the matrix q;., 2
Rdmeact N The spatial components of the measurements are similarily projected to a
matrix ey., 2 R4medet N ysing a FFN.
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2.5.3 MT3v2 Encoder

The MT3v2 network employs a standard encoder architecture with a self attention
module and several linear and normalization layers. The aforementioned encodings are
passed to the self-attention module as query, key and value where

query = key = qi:n + €1:n

value = eq1:n

After the self-attention module the embeddings are passed through several layers of
normalization and linears as illustrated by gure[II] Note that mask padding is applied
with di erent sized sequences batch inputs.
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Figure 11: MT3v2 encoder illustrated in detail.

2.5.4 MT3v2 Selection Mechanism

The selection mechanism employed in the MT3v2 network takes inspiration from the
two-stage deformable DETR. Where the original DETR uses learned parameters to
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produce proposed object queries, the two-stage deformable DETR uses the encoder
embeddings as input to a FFN when proposing the initial object queries.

Figure 12: Selection mechanism architecture taken from [5].

The MT3v2 decoder uses two prediction heads for this process; the Object Classi er
which ranks all measurements and scores them according to the probability of containing
an alive object and the Position and Velocity Predictor which outputs the position and
velocity for all object queries.

The selection mechanism initially generates projected embeddings, or state estimates
z1.k, from the encoder feature map, denoted embeddings in gure[I3] The measurement
mask, which Iters out any invalid measurements, is applied to the projected embeddings
as well as to the measurements. The decoders object classi er processed the state
estimates outputting a score for the and saving the Ny (number of object queries) Top-
K scoring indices. These indices are used to select which state estimates that are to be
passed to the two linears to produce the nal object queries and positional encodings
for the decoder.

Similarly the proposed projected embeddings are fed to the second prediction head,
producing initial measurement reference points and the Itered radar measurements
are added after passing a log function to convert measurements into suitable range of
0.0 1.0. The Top-K indices are then chosen as the initial IV, decoder reference points
used later in the iterative re ning process.
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Figure 13: MT3v2 selection mechanism illustrated in detail. The object queries are of
size Ny dmodel
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2.5.5 MT3v2 Decoder

The MT3v2 uses a standard transformer decoder with iterative re nement. The pre-
viously computed object queries and positional encoding are initially processed by self
attention mechanism and further by cross attention, which is then applied to between
the encoder outputs and the Ny object queries. The feature output is the processed
by several layers of normalization and linears to output a nal set of [Ny object queries
according to Figure [I14 The decoder head in every decoder layer yields the logits and
state estimates from the object queries in the re nement with the help of a learnable
multi layer perceptron (MLP) or FFN. These object queries are then passed to the next
decoder in line and to the prediction heads to save intermediate predictions and perform
iterative re nement.
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Figure 14: MT3v2 decoder and head illustrated in detail.

Iterative refinement

The iterative re nement approach is aimed at enhancing the accuracy of the model, in-
stead of directly predicting the nal state means from the decoder’s last output layer. As
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previously described, the selection mechanism produces initial state estimates, denoted
as z1-k, Which serve as a baseline for further re nement. Each layer in the decoder then
generates adjustments !, to these estimates at the decoder head, incrementally ad-
justing the state predictions at every decoder head. This layered approach progressively
re nes predictions, leading to better accuracy [5]. While the state prediction undergo
iterative re nement, the existence probabilities and uncertainties are computed directly
at each decoder layer by the classi er heads.

2.5.6 Loss Functions

The nal output of the network produces 3 di erent results. The state prediction, Ny 4
containing position and velocity. The logits prediction, Ny 1 containing alive objects.
Lastly the uncertainty prediction containing Ny 4 corresponding to position and veloc-
ity uncertainties. The logits, and states together with their uncertainty corresponds to
the parameters of a multi-bernoulli density (state distribution and existence probability
for each component) [5].

Using a Hungarian matching algorithm it computes cost matrix based on the Euclidean
distance between predicted and target states and furthermore incorporating predicted
probabilities to penalize unlikely matches. The optimal assignment of predictions to
targets is then determined by minimizing this cost matrix. Following this matching, the
network calculates three loss components: logits loss, state loss, and an uncertainty loss.

Hungarian Matching

This function handles predictions of states, which include position and velocity, matching
them to their respective ground truth counterparts. A cost matrix is computed using
the pairwise Euclidean distance between the predicted states and the target states,
assigning each predicted state to each target state. This cost matrix is further adjusted
by subtracting the log of the predicted probabilities, incorporating the con dence of the
logits predictions into the cost. The function then performs optimal matching on the
adjusted cost matrix nding optimal assignment of predicted states to target states that
minimizes the total cost:

Cij = kpi  sjkz  log(o(li)) (2.33)
where the sigmoid function ¢ is de ned as:

1

— 2.34
l+e x (2.34)

o(xi) =

where p;j and 1; are the predicted state and logit for query ¢ and s; the ground truth
state for target j. The goal is to nd the permutation = that minimizes the total cost:

minZC’i; 0) (235)

The algorithm importantly also returns the indices (i, 7 (7)) which de ne the optimal
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matching assignments which will be used for further loss computation and model train-
ing.

Logits Loss

The logits loss converts the raw logits from the object classi er into probabilities, com-
paring them against binary ground truth labels with binary cross-entropy loss. This loss
penalizes incorrect predictions, driving the model to improve its accuracy in detecting
the presence or absence of objects. It further balances the predicted probabilities against
the actual object presence, ensuring robust and reliable performance in tracking tasks.

The total binary cross-entropy loss is the sum of the individual losses is expressed as:

N
BCE(l, t) = %Z(tilog(o(li)+(l t:) log(1 U(li))) (2.36)
i=1

where 1; is the predicted logit for the i-th query and t; is the binary ground truth label
for the i-th query logit, with each entry taking a value of either 1 (object present) or 0
(object absent). o is de ned as in[2.35

State Loss

The state loss ensures that the model predicts states closely with the ground truth
states by use of a the negative log-probability. This is done by treating the model’s
predictions are as distributions, giving each predicted state (position and velocity) an
associated uncertainty. This allows the model to express a con dence and adjust the
loss accordingly.

With the indexing from the Hungarian Matching the most likely states (position and
velocity: [x,y, vk, Vvy]) to represent an object are matched with the output from the
Uncertainty Predictor. These outputs correspond to a mean value (the predicted states)
ui and an associated uncertainty (standard deviation) o; for each dimension. A normal
distribution of predicted states can thus be represented:

Pi  N(ui,oi) (2.37)

where p; is thee predicted mean for the i-th dimension of the state and o; is the predicted
standard deviation for the i-th dimension of the state. Given the predicted distribution
for each state dimension, the next step is to calculate how probable the actual observed
(target) state Tj; is under this distribution. This is done using the log-probability of the
target state under the predicted normal distribution:

(T 1ij)?

pP—
20i2j |Og(0'ij 27T) (2.38)

log p(Tij J pij, oij) =

where: Tj; is the ground truth value for the j-th dimension of the i-th state. pu;; is the
predicted mean for that dimension. oij is the predicted standard deviation (uncertainty).
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This expression captures two key components:

= Squared Error: (Tjj uij)? represents the squared di erence between the pre-
dicted state and the actual state. The closer the prediction p is to the true value
T, the higher the probability.

e Uncertainty Weighting: The squared error is divided by 20i2j, which means
that larger uncertainties oj; will result in a smaller penalty for the same error,
re ecting less con dence in the prediction. However uncertainties o below 1 will
exponentially increase the loss.

* Negative Log: log(cij pﬂ) is meant to handle this reversed exponential increase
as the standard deviation sigma becomes smaller than 1.

The model’s objective is to maximize the likelihood that its predictions match the actual
observed states. In practice, this is done by minimizing the negative log-likelihood, which
is equivalent to minimizing the negative log-probability:

N d
1 .
Stateloss = ;:1 j§:1 log p(Tij j pij, i) (2.39)

This loss function penalizes predictions that are far from the target values, with the
penalty being adjusted by the predicted uncertainties:

= High Confidence, Large Error: If gj; is small (high con dence), even a small
error ((Tj  wij)?) results in a large loss.

* Low Confidence, Large Error: If y;; is large (low con dence), the same error
results in a smaller loss.

This is better dicernable in the following plots of the log probability:
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Plot of the log-probability function for different values of (T — u)?2
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Figure 15: Log probability function illustrating loss for di erent values of . and o

2.5.7 Contrastive Auxiliary Module

The contrastive auxiliary module is tasked with classifying the embeddings directly from
the encoder module. Linear transformation projects each input measurement vector into
a new space through a linear layer, extracting and learning feature representations.

Linear transformation: z;.n, = FFN(e1:n) (2.40)
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Following this, the vectors undergo normalization, scaling them to a unit hypersphere.

_ Zlin
An = Koink (2.41)

Once normalized, dot products between all pairs of vectors are computed to measure
the degree of similarity between them.

Dij=#% #T (2.42)

This computation creates a similarity matrix that highlights how each vector relates
to every other vector. The diagonal elements, denoted dxron for Kronecker-Delta, are
masked in this matrix to avoid self-similarity. Additionally, any padding elements,
denoted Mpaq, are also masked when dealing with di erent length measurements in a
batch.

(2.43)

Do = 1 if 6ij or Mpaqg is true
" Dij  otherwise

Finally, the log softmax function is applied to the similarity matrix, converting the scores
into log probabilities.

D,
P;; = log < - ) (2.44)

ZL\Ll el

2.5.8 Contrastive Loss function
The Contrastive Loss function calculates a loss that measures the di erence between
predicted log probabilities and actual unique identi ers for objects (1) and clutter (0).

Let u 2 RN be the vector of unique IDs for each measurement, where N is the number
of measurements. The dimensions are expanded by performing an outer product U 2
RN N as follows:

U=u 17 (2.45)

where 1 2 RN is a vector of ones. The resulting matrix U has each element:
Uij = u; (2.46)

The ID matrix I is then created by comparing elements:

1 if uj = uj
Ii; = 2.47
Y {O otherwise ( )

The diagonal of this matrix is masked to ignore self-similarities, and the matrix is
normalized row-wise to ensure it forms a valid similarity distribution.

=)0 = (2.48)
. I;; otherwise

0
. I,

k=1 Ti
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where I is the row-wise normalized 1D matrix; each row sums to 1.

The log probabilities are then scaled by these normalized similarities by computing the
product of log probabilities and the normalized ID matrix denoted as P 2 RN N. The

nal loss product is computed by summing these scaled log probabilities L 2 RN N,
and averaging over measurements that have non-zero contributions:

N
6= Lij (2.50)
j=1

Determine the number of measurements with non-zero loss contributions.

N

Neligible = Z 1,609 (2.51)
i=1

Compute the average loss across all eligible measurements.

ZN:1 4
L=&1=_ 2.52
Neligible (2:52)

This approach ensures that the model learns to distinguish between di erent objects
and clutter e ectively, focusing on meaningful di erences in the data.

2.6 CARLA

Car Learning to Act (CARLA) is an open-source simulation platform introduced in
2017 for autonomous driving research. Developed by the Computer Vision Center at
the Universitat Autonoma de Barcelona, CARLA was designed to generate realistic
data from various driving scenarios, providing a safe and controlled environment for
testing and developing new algorithms [36]. The simulation tool has gained widespread
adoption in both academia and industry, particularly for tasks that require large amounts
of training data, such as machine learning models for autonomous vehicles [37],[38].
CARLA’s versatility allows for the simulation of diverse driving conditions, making it
an invaluable resource for advancing autonomous driving technology.

2.6.1 Sensors

CARLA o0 ers sensors in many modalities including radar, which can be mounted on
di erent parts of the vehicle or environment. However, for our purposes an in-house
sensor, developed by the Safe-Radar company, will be used, providing the following
measurements in a single detection:

< Range (Distance): The distance to the target.
< Velocity (Doppler): The relative velocity of the target.

e Azimuth (Angle): The horizontal angle to the target.
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Elevation (Theta): The vertical angle to the target

Radar cross section (RCS): The intensity of the returned signal, often referred to
as the Radar Cross-Section, gives an indication of the target’s re ectivity and size.

Signal to noise ratio (SNR): Signal to noise ratio in a detection.

Tag: The object type eg. Vehicle, building, sign etc.

ID: Every object in the simulation has its own ID number.

t: The time step ( ¢ = 0.05) measured in seconds.

It is important to note that during a single time-step, multiple detections can occur.
Although the simulated FMCW-radar operates at a frequency of 20 Hz, there is no

xed limit on the number of detections per time-step. Typically, the radar registers
around 15 detections per time-step, depending on the complexity of the environment
and the number of objects within the radar’s range and with randomness inherent to
the problem. Furthermore it is worth noting that radar modules are usually set at angle
(upwards) such that re ections from the road surface itself are as far as possible omitted.
Conclusively these measurements provide a comprehensive understanding of the target’s
position, speed, and characteristics.

2.6.2 Maps

CARLA features a variety of maps that simulate di erent driving environments, each de-
signed to test the performance of autonomous systems under diverse conditions. For the
scope of this project experiments will be conducted in urban maps, designed to represent
complex environments including buildings, tra c signs, intersections, and pedestrian
crossings. These settings makes urban maps ideal for testing algorithms in scenarios
where obstacle avoidance, tra ¢ management, and pedestrian detection are critical.

CARLA maps can also be augmented with di erent weather conditions, such as rain,
fog, and varying lighting (day/night cycles), however these conditions are irrelevant to
a radar sensor.

2.6.3 Vehicles

CARLA o ers a wide range of simulated vehicles with varying behaviors and proper-
ties, allowing for the creation of diverse tra c scenarios. The platform supports the
customization of several vehicle parameters.

Di erent vehicle models are included in the CARLA library, ranging from compact cars
to large trucks. Simulated vehicles in CARLA are equipped with behavioral models
that can be customized. This includes setting parameters like speed limits, acceleration,
braking behavior, and proximal reaction like min distance to car allowed in any given
situation. In essence this enables for simulating various driving styles, from cautious
to aggressive. CARLA also supports the simulation of tra ¢ management systems,
such as tra c lights and stop signs, allowing for the testing of vehicle interactions with
tra c control devices. The number and type of vehicles to be spawned in the simulation
can thus be varied, enabling the creation of tra c scenarios with di erent levels of
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congestion. These features make CARLA a powerful tool for simulating realistic driving
environments.
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Method

3.1 Generating data with CARLA

Annotated training data was generated using simulations ran in CARLA, utilizing its
Python API to extract radar detections within various tra c scenarios facilitating direct
extraction of labeled data from the simulation.

An arguably model free testing environment was established with the help of random-
ness in driver characteristics (deterministic). This diverse and semi-realistic data was
considered important for training the network, as it exposed the model to a wide range
of scenarios, thereby aiding to prevent over tting and enhancing the network’s ability
to generalize across di erent situations.

The use of CARLA allowed for large-scale data generation, which was deemed essential
for future developments. Moreover, the generated training data is re ective of real-
world conditions to some extent, providing a solid foundation for addressing the research
guestions and advancing the network’s testing toward practical applications.

3.1.1 Maps

Town 02 from the CARLA collection was used as a base case with di erent scenarios
intended to simulate a realistic urban setting. The layout of Town02 includes a variation
of velocity restrictions with a mix of simple intersections and straights. Town02 also has
a decent amount of varying environmental objects such as a diverse array of building
types, foliage, poles and fences, delivering a realistic radar backdrop in driving scenar-
ios. The exposure to diverse and realistic training data from Town02 suites the base
task description and helps to improves the model’s robustness and ability to generalize,
reducing the risk of over tting to speci c scenarios.

Though the map includes tra c lights and stop signs to simulate typical urban tra c
control measures they were all disabled in order for a more sporadic and unpredictable
tra ¢ ow with varying levels of congestion. Cars would in either case still take turns
in intersections on a rst-come- rst-serve basis but this measure was taken to increase
tra ¢ ow and avoid longer periods of stand still tra c. Pedestrian spawns were also
disabled in the scope of this project.
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Figure 1: Town02 in the CARLA simulator with the radar eld of view shown as orange
lines

3.1.2 Vehicles

The simulation focused on modifying two speci ¢ parameters for each driver, which re-
mained constant throughout the entire simulation. These parameters were the adherence
to speed limits, set between 90% and 130%, and the following distance to the leading
vehicle, which was randomly assigned between 4 and 8 meters. While it is possible to
incorporate more parameters these were the easiest to implement and deemed su cient
in the scope.

During any simulation conducted, 50 cars were spawned, omitting trucks, motorcycles,
and pedestrians. This was due to a bug in the map of Town02 where larger vehicles
could not be used unfortunately. The remaining cars were deemed enough to incorporate
a decent variability in car size and bounding box for our purposes.
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3.1.3 Radar spawn points

In order to have diverse data from di erent angles and sections of tra ¢ the 12 di erent
radar spawn points, each with a xed angle, were chosen to generate data from. As
the CARLA tra c is stochastic the data generated was deemed su ciently diverse and
generalized.

The di erent spawn points allows for the network to be able to associate behaviours
dependant on the scenery, such as if there is a junction present in the Field Of View
(FOV) or if there are buildings or fences, resulting in more clutter. Also rotation relative
to the road, giving a more dynamic object birth behaviour that can enter from anywhere
in the FOV.
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Figure 2: Left image shows radar reading in one time step while. Right image shows all
readings in 20 timesteps with opacity representing older readings.

3.1.4 The radar module

Utilizing the in-house developed radar model developed by SafeRadar realistic radar de-
tections were extracted with CARLA APIls. Though CARLA provides radar sensors, the
model utilized was developed with the aim to resemble a FMCW-radar akin to the one
that SafeRadar themselves use and developed in real-life. The in-house developed radar
is capable of outputting complex and realistic radar detections, however, more complex
signals were omitted to establish a base case. This entailed simplifying object detection
information and setting certain boundaries in line with the scope of this project.
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Figure 3: Set of raw simulated FMCW-radar detections in a single time-step. The top
row consists of one ground truth object, located inside the FOV.

The radar module was set to operate at a 20Hz frequenzy giving a ¢ = 0.05 seconds.
While the frequency and amount of time steps were set, the amount of measurements
collected per time step were random due to the nature of radar with an average of
roughly 15 measurements per t.

For a single time step ¢ = 0.05 the radar measurements yields a point cloud z; 2 R™ "
de ned:

7t = Zmi (3.1)

Where z; is a sequence of n measurements received in window of time ¢ and m is the
received dimension of a single radar point measurement:

m = [r, doppler, azimuth, t] (3.2

Where r is the range from the radar to the measurement, doppler the radial velocity,
azimuth the angle, and ¢ the time-stamp. Table illustrates an example of an entire
training sequence containing 20 time steps with 187 measurements. It is worth to note
that the sequence has a varying amount of measurements per time step.

This data given from the radar model is then compared to the ground truth to see if
there are any vehicles that are occluded or hit multiple times during a time step.

3.1.5 Ground Truth Extraction

Radar detections are initially collected in 3D space and then collapsed into a 2D plane.
This transformation is performed to simplify the problem, reducing it to the analysis

39



Chapter 3. Method

T to t1 th t20

M 0 1 2 3 4 5 6 7 mj | 185 186 187
r 25.2 575 11.0 20.3 80.9 195 252 575 ... | 253 18.2 511
Uy 1.0 8.9 2.5 3.7 1.6 6.7 1.0 8.3 0.7 5.0 0.1
¢ | -0.34 -0.22|0.012 045 0.024 -0.35 -0.34 -022 | .. | 045 0.02 -0.35
t 0.0 0.0 0.0 0.0 0.0 0.05 0.05 0.05 .. 195 195 1.95

Table 3.1: Example of 20 time steps containing 187 measurements equalling 1 second of
measurements

of areas rather than volumes, which would present a more complex challenge for the
network. This approach aligns with the scope of the project, ensuring that the network’s
task remains manageable and focused.

The ground truth labels, consist of three sets of measurements for each vehicle ID and
time-stamp, as can be seen in Figure [3| For every set of measurement z, the ground
truth states for any object within the FOV is recorded:

Yot = [ID] : [[z,y], [vx, vy], [b1, bw]] (3:3)

Vehicles are included in the ground truth labeling if they are within the radar’s detection
area which is a cone with a range of 100 meters spanning 70 degrees from center. An
object occlusions is here determined if any of the bounding box lines spanned by the
vertices (in 3D) are blocked from the radar’s direct line of sight, rendering it invisible.
From a tracking perspective it means that the network will be dealing with object births
when any part of the vehicle enters the FOV and is visible in a direct line of sight, and
with deaths when occluded or leaving the FOV permanently.

In reality radar detections do not necessarily re ect directly from an object of interest
but could bounce of various other nearby surfaces carrying information from multiple
re ections. This kind of signal processing has not been expanded upon within simulator
and deemed to have nearly negligible signi cance on the result.

3.2 Training data

3.2.1 Datasets

Two di erent types of datasets were created for training the network, one with a speci ¢
type of vehicle, resulting in every vehicle having the same bounding box and movement
constraints. The other dataset consists of vehicles with varying sizes and movement
constraints resulting in a dataset where it is harder to accurately predict the velocity
and correct size of individual bounding boxes.

The homogeneous dataset used an Audi A2 type vehicle for all objects and further
constrained the behaviour of each individual object to have the same movement pro le
in terms of following speed limits, accelerations and leading distance to front cars. This
dataset is considered to be the baseline standardized task that aims to create a scenario
where the network can specialize at giving accurate predictions without needing to
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account for di erent behaviours.

The heterogeneous dataset used 20 kinds of di erent cars brands with various sizes,
but each with a di erent, permanent, driving characteristic as described in section[3.1.2]

3.2.2 Transformer training data

Data was then collected for each simulation modality as mentioned in the the previous
section [3.2.T and divided into training and evaluation data. The training data was
collected from 10 di erent radar spawn points while the validation data was collected
from 2 di erent radar spawn points and used to periodically evaluate its current state
with the GOSPA measurement. Each dataset contains approximately 150,000 time
steps, where one second corresponds to 20 time steps, each including their respective
radar spawn points.

For training, a time step was randomly selected, and a sequence of n consecutive time
steps was extracted. Each measurement m used for training contains the subset z¢rain

Ztrain = [[Tv Ur, @, t]a [IDa Z,Y, Ux, UY7 bha bW7 t]] (34)

derived from the radar point cloud and corresponding ground truth at each time step. [3.1]
is meant to illustrate the order of any given sequence. These sequences are concatenated
and fed to the transformer as training data, represented as:

Zin = Zt, - Zt (3.5)

n

Given this data generation approach, the number of possible unique sequences from a
dataset containing N time steps with radar readings is N n.

The labels are only stored for the last time step of the batch, containing the center
point, velocity vector and extent of all the objects present in the state space. The loss
functions that are penalizing the network are using this data to change the networks
weights during training.

To evaluate the network over the course of training, sequences from the evaluation
datasets are fed to the network in order to estimate the predictions on data that is
previously unseen. The estimates made are scored with a GOSPA score as described in
the section [2.2.4) and are used to keep track of convergence during the training process.
This forces the trained network make predictions in a scenery that it is not speci cally
trained to do and requires the network to be general in its predictions regarding the
task at hand.
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Figure 4: An illustration of the nal prediction (gray) and lables in the nal output of
the model (black)

3.3 Transformer network MET3v2

Adaptions were made to the MT3v2 network to enable tracking for the data that was
simulated in the CARLA simulations. The adaptation to the original architecture re-
sulted in the new network Multi Extended Target Tracking Transformer v2 (MET3v2)
which is trained on a sequence of Z readings and predicts the center point, velocity
vector and the bounding box of an object in the state space.

3.3.1 Selection mechanism

The selection mechanism chooses IV object queries to address the set-prediction prob-
lem. These object queries serve as the initial predictions in the rst decoder layer and act
as "educated guesses™ on the encoder embeddings, distinguishing objects from clutter.
The likelihood scores are ranked, and the top K selections are used as object queries.
This approach has been tested only in scenarios where each object produces a single
point per time step, leaving its e ectiveness in EOT uncertain. In EOT, an object can
generate multiple readings, which are individually scored without correlation. To adapt
the mechanism for EOT, a gating approach was introduced, masking nearby readings
likely to come from the same object to reduce association errors.
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The new selection mechanism architecture with the gating present.

The gating was set up as for each time step in the sequence, the points are evaluated one
by one and the distance to each of the other points are calculated based on a Euclidian
distance in the [x,y]-plane with a threshold which could be set as a parameter. If the
k points closest to the chosen point met the gating condition, the center point of those
points is calculated and the point closest to the center point is kept while the other & 1
points are masked. An illustration of how the gating mechanism works in a single step
can be seen in gure[7]
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Figure 6: An illustration showing the gating process.

The gating and resulting removals in an example point cloud can be seen in gure
This enables a behaviour where clusters generated from the same object are simpli ed
in order for the selection mechanism proposals to have less points to chose from. The
idea is to simplify the point cloud from points that stems from the same object and
accelerates the learning since the object queries will be more spread out and the initial
attention more divided in the early stages of the training.
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(a) Point cloud with gated measurements. (b) Zoomed area as indicated in (a).

Figure 7: How the gating changes a point cloud.

3.3.2 Extended Objects

Since the networks new task is to predict positions of extended objects, a novel loss
function was introduced in the hopes of solving this problem. The contribution to the
loss function is the prediction and labeling of the width and height of the vehicles, that
together with the position and velocity can span a bounding box and its rotation. There
are many ways to formulate such a loss and has been extensively researched, mainly in
the image tracking domain.
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Figure 8: MET3v2 decoder and head illustrated with the added bounding box MLP.

Bounding box loss

A new MLP was added to take vehicle sizes into account, predicting the vehicle length
and width. A PyTorch CloU loss function was implemented which uses a pair of vertices
spanning the prediction and ground truth bounding boxes to determine the loss. While
it does take into account the aspect ratio it does not handle rotation de nitively.

The initial idea was for the MLP to predict bounding-box in any given rotation and
anywhere on the map, spanning  values on the y-axis. However, the loss function only
works with positive vertices on a plane and strictly with vertices such that x; 2z, and
y1  y2. Some e orts were made to get around these issues but eventually put on hold to
progress in other areas. Thus the PyTorch CloU remains and used in a simpli ed manner
with prediction and ground truth vertices spanning the plane as follows: [[10, 10], [/, w]],
[[10, 10], [Agt, wgt]]. Further discussion about this topic ensues later on.
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Chapter 3. Method

3.3.3 Extended GOSPA

An extended GOSPA module were added to the original GOSPA module present in the
MT3v2 network. In addition to the distance between the means of the objects, the
extended module also include distance scoring depending on the di erence in predicted
shapes and orientations. As described in section [2.2.5| the methodology builds on using
the Gaussian Wasserstein distance when dealing with extended objects. Since the shapes
in the ground truth and the predictions in this case are rectangular, the covariance
matrix and mean are calculated in order to continue using the distance measurement.
The error is then capped with the cut-o distance which otherwise would consider the
track as not ascribed to a target.

c if dowp > ¢
d = 3.6
ewp {dGWD if dewp ¢ (3.6)

3.4 Training

In order to see the MET3v2 networks potential as a tracker and evaluate its perfor-
mance, several networks architectures were trained and validated on the datasets that
was generated from CARLA. A total of six network con gurations were trained, three of
them were trained on the homogeneous dataset and the other three used the heteroge-
neous dataset. In these three networks there were one architecture without the selection
mechanism as described in [2.5.4} one with the selection mechanism as described in [5]
and one with the new selection mechanism as described in[3.3.1l This enables the com-
parison between the di erent architectures and also allows to choose the best one for
benchmarking and evaluation.

3.5 Comparison to a model based approach

To evaluate the performance of the trained networks, the GOSPA error of the networks
were compared to a GGIW-PMBM lIter. In [5] it was stated that a PMBM Iter was
the highest performing one - after outperforming the 6-GLMB tracking Iter - and was
therefore chosen as a benchmark for the model based comparison. Since it was tested
in a POT scenario however, the addition of the GGIW for EOT was necessary. The
GGIW-PMBM Iter was set up in MATLAB and fed with the same evaluation data as
the MET3v2 network was evaluated with during training.

Batches of the evaluation data were fed to the network and to the tracking Iter. A
total of 12 les from 2 spawn points containing a total of roughly 30000 time steps of
data were possible for selection. The les and the sequence start are chosen by random
when evaluating one tracking sequence. In order to get an overall performance value
from the trackers trying to determine the state space in di erent scenarios, 100 tracking
simulations were run on randomly chosen sequences from the les. The task is to predict
the state space in last time step in every sequence. From these 100 simulations, the total
GOSPA error, standard deviation, localization error, missed target error and false target
error are saved for comparison.
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Network training

The MET3v2 network was trained using the data gathered from CARLA. The param-
eters set regarding network con gurations for each of the di erent tracking tasks can
be seen in Appendix A. The architectures were trained on the two di erent datasets as
described in[3.4l All training was done using a Nvidia Tesla P4 GPU on Google Cloud
taking roughly 20h to train 100000 time steps per network resulting in roughly a week
of uninterrupted training time to train all the network con gurations.

4.1 Training the MET3v2 network

All the training was done on sequences containing 20 time steps equivalent of a time
window of 1 second of data fed to the network per prediction and training step.

The training is monitored by measuring the GOSPA error as described in [2.2.5 every
100 training steps to see if the network manages to make more accurate predictions
on the evaluation data over time. This to see if the network is general enough to
make predictions in new scenarios. The GOSPA error from evaluation is calculated
on 10 separate sequences from the evaluation dataset, keeping the mean values as the

nal score increase reliability. For stability purposes over the course of training, only
sequences that had between 3-7 vehicles present in the prediction time step were included
in the evaluation datasets during training. The goal of the comparison is to nd a
modality that shows low GOSPA error after being fully trained and prefarably quick
convergence.
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4.2 Training with the original selection mechanism

The change in GOSPA error over the course of training when using the original selection
mechanism on homogeneous data can be seen in Figure[I]
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Figure 1: Total and split GOSPA error using the original selection mechanism training on
homogeneous data.

As can be seen from the gures, the total GOSPA error drops at around 20000-50000
steps almost halving its GOSPA scoring compared to the early stages of the training.
The main contributor to the total GOSPA error in the early stages is the missed target
error which accounts to the logits gating in the model having low con dence in the
existence of an object where the object query is chosen. At around 15000 steps, the
logits gating stabilizes and the model starts making predictions on the location of the
vehicles in the state space. This leads to a more unstable behaviour in the initial part
as the localization error takes over the main part of the total error since the model is
still predicting the locations and extents quite poorly. As the logits stabilize, the false
target error also starts giving scores since some of the queries were falsely activated.

In summary, the GOSPA scoring shows that after training, the model receives a lower
score as training progresses and the model learns how to predict the state space on
data that it is not introduced to in the training stage. The scoring also shows a logical
progression of how the network learns the task.
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By using the same selection mechanism and parameters but changing to the heteroge-
neous dataset we get the results presented in gure 2
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Figure 2: Total and split GOSPA error using the original selection mechanism training on
heterogeneous data.

By analyzing the GOSPA scoring, we can see in similar fashion as with the homogeneous
dataset that the network learns the task given over time. Something that is surprising
however is that the network receives a lower GOSPA score after training than when
using the homogeneous dataset although it takes longer for the network to show im-
provement. The major di erence between the end performance being the false target
being considerably lower at later stages.
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4.2.1 Without the selection mechanism

The modality with the selection mechanism deactivated is equivalent to using the archi-
tecture as described in the DETR architecture. The network does not shift its attention
in initial steps as the methodology introduced in the deformable DETR [35] described
where the measurements that seem to contain a high information value for the task at
hand gets focused on initially. This entails longer training times in general as presented
in [35]. The training procedure for the homogeneous dataset can be seen in gure
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Figure 3: Total and split GOSPA error without using the selection mechanism training on
homogeneous data.

The results show that the GOSPA error stabilizes with regards to the logits gating in a
similar fashion as before but remains considerably higher in the localization error than
when training the networks using the selection mechanism. This con rms that using the
selection mechanism, even though not designed to be used for extended objects, also is
bene cial for gaining good predictions in an EOT setting.

The di erent GOSPA errors from training without the selection mechanism on the het-
erogeneous dataset shows the following.

50



Chapter 4. Network training

50 50
—— Total gospa error —— Target localization error

40 40

o inis ]
i 1

o 20000 40000 60000 80000 100000 o 20000 40000 60000 80000 100000

30

Error
Error

N
o

Training step Training step
(a) Total GOSPA error (b) Target localization error
50 50
—— Missed target error —— False target error
40 4 40
301 30
g g
QD“MMW 20
104 ‘ 10
0 ‘ MWJMMWWWMM o (L0 T i Mt
] 20000 40000 60000 80000 100000 0 20000 40000 60000 80000 100000
Training step Training step
(c) Missed target error (d) False target error

Figure 4: Total and split GOSPA error without using the selection mechanism training on
heterogeneous data.

As can be seenin guref] the localization error is, alike in the case with the homogeneous
data, the major contributing factor to the total GOSPA error while the false and missed
target errors still remains low.
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4.2.2 Using the altered selection mechanism

This modality as described in section [3:3.T]uses a gating approach to account for multiple
measurements coming from the same object in every time step. The idea is to reduce
the problem through the gating and that the network faster can focus its attention on
the readings that have a high information value.

As in the earlier cases we begin by training the network on the homogeneous dataset
shown in gure[5| to see how well it manages to converge over time.
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Figure 5: Total and split GOSPA error using the original selection mechanism with the added
gating training on homogeneous data.

The results show that by using the altered selection mechanism during training the
network performs better over time at predicting the data in the evaluation dataset.
The false and missed target errors however do not converge to low levels and shows
little improvement from earlier selection mechanism modalities. An improvement was
expected as a result of the gating approach since the network did not have to deal with
the same amount of readings that could be eligible for being an object.

Figure [6] shows how the training procedure looks for the network training on the het-
€rogeneous case.
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Figure 6: Total and split GOSPA error using the original selection mechanism with the added

gating training on heterogeneous data.

Once again the network learns the task at hand by showing that the evaluation tasks
gets a lower GOSPA error over time showing that the architecture is viable. In contrary
to the homogeneous case the false and missed target error stays at low levels throughout
the later stages of the training, which as in the earlier case when training with the
original selection mechanism is attributed to the vehicles having di erent properties.
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4.3 Training loss

Additional to the GOSPA error, the loss function that penalizes the network during
training can be monitored to see how the network loss is progressing over time.
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Figure 7: Total loss over time during training using the original selection mechanism.

can be seen in the gure[7] the total loss and the total GOSPA error shares similar

attributes with a more or less steady decline over time. Major drops in the loss later on
in the training are often due to learning rate adjustments as the learning rate decreases
over training time when the loss plateaus. A similar loss behaviour over time were shown
throughout all the di erent training sessions.

Since the loss over time and the GOSPA error over time are showing similar behaviour,
the loss function used can be considered e ective for penalizing the network during
training to e ectively lead to a desired behaviour.
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4.4 Task comparison

By observing the networks ability to lower its GOSPA scoring when evaluated on the val-
idation datasets it can be concluded that the network can be trained to handle tracking
tasks that include both homogeneous vehicles and heterogeneous vehicles.

To compare the networks to one another, the total GOSPA errors over time can be seen
in gure
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Figure 8: Comparison between the di erent selection mechanism modalities.

The gures show that compared to not using the selection mechanism, both the modali-
ties utilizing the selection mechanism converged faster and gave better predictions after
training for 100000 training steps. The architecture not utilizing the selection mecha-
nism showed little to no improvement over the course of training.

A comparison between training using the selection mechanism for the di erent datasets
can be seen in gure[9]
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Figure 9: Total GOSPA error over time for the di erent datasets using the selection
mechanism.

The gure shows a training behaviour where the network converges faster for the ho-
mogeneous dataset but ends up at a higher GOSPA score than in the case of the het-
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erogeneous dataset which takes more time to converge but manages to receive a lower
GOSPA score after having trained during the full training duration.
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Network evaluation

In order to be able to draw conclusions about how well the trained networks building on
the MET3v2 architecture serves as a tracker and to validate their e cacy, comparisons
between the trained models and a GGIW-PMBM Iter were made. The evaluation setup
is explained in section [3.5

5.1 GGIW-PMBM setting

To maximize the GGIW-PMBM Iters tracking e ciency it needs to be uniquely tuned
for the task. Tuning involves changing the parameters as introduced in section[2.3.T]and
[2.3:2] For these tasks, which are considered to be of the more complex nature, tuning
will need to account for both the frequent occlusions, varying amount of measurements
from the vehicles per time step and their stochastic behaviour.

The parameters used in each task share some characteristics in the tuning due to the
fact that the same radar is used and thus the measurement behaviour is alike in both the
dataset containing homogeneous and heterogeneous vehicles. However, due to the more
dynamic nature of the heterogeneous dataset, parameters concerning the uncertainty
connected of the Iter were changed such as the gamma parameters that models the
expected extent of the objects. The parameter tuning for the di erent tasks can be
viewed in the Appendix B.

5.2 Comparing GOSPA scoring

The task consists of predicting the bounding boxes of the vehicles at time step Z>g given
the measurements yielded by the radar compared to the ground truth.

5.2.1 Homogeneous vehicles

The trained networks and the GGIW-PMBM Iter were given sequences from the ho-
mogeneous validation dataset to make predictions on. A total of 100 sequences were ran
through the trackers to yield mean GOSPA errors. This was done in order to increase
the robustness and lessen the impact of outliers. The errors can be seen in table
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Table 5.1: Total and split GOSPA error from the di erent tackers when estimating the
state space on sequences from homogeneous dataset.

H Tracker GOSPA error Localization Missed False H
MET3v2 SMgate 12.92 5.68 8.21 1.41 3.30
MET3v2 13.24 5.65 9.24 0.70 3.35
MET3v2 noSM 19.18 6.64 15.67 1.95 1.03
GGIW-PMBM 27.29 11.01 3.91 14.80 8.58

As can be deduced from the numbers in the table the MET3v2 network overall outper-
forms the GGIW-PMBM Iter when making predictions on the homogeneous dataset.
As previously shown during the network training, the versions of the network using the
selection mechanism are the ones yielding the highest performance in this task, show-
ing the selection mechanisms e ciency and place in the architecture. The di erence
between the gating approach and the regular selection mechanism architecture are how-
ever not very impactful on the overall GOSPA error. The gating approach seems to give
better localization estimates while missing more targets which implies that the use of
the di erent modalities may be situational.

5.2.2 Heterogeneous vehicles

The same procedure were followed for the evaluation of the trackers with the heteroge-
neous dataset.

Table 5.2: Total and split GOSPA error from the di erent tackers when estimating the
state space on sequences from heterogeneous dataset.

H Tracker GOSPA error Localization Missed False H
MET3v2 SMgate 7.58 3.15 6.60 0.325 0.65
MET3v2 7.21 2.86 6.43 0.75 0.025
MET3v2 noSM 20.52 6.49 19.15 1.03 0.35
GGIW-PMBM 28.96 10.93 5.11 15.85 8.00

Similarly to the previous results, table [5.2] shows that the model free approaches per-
forms better than the GGIW-PMBM Iter when measuring with a GOSPA error. The
di erence in the selection mechanisms are rougly the same as in the case with the other
dataset. Few conclusions about the di erence between them can therefore be made since
the di erence lies within the uncertainty connected to the variance.

5.3 Tracker comparison

A comparison between the network and the GGIW-PMBM Iter can be seen below
to understand the di erence in GOSPA error between the trackers. To visualize the
predictions, gure[I]shows the predictions made by the trained network and the GGIW-
PMBM Iter. In the case of the GGIW-PMBM predictions, the vehicles are presented
as ellipses instead of the rectangular shape.
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Figure 1: Left: Fully trained network prediction. Right: GGIW-PMBM prediction.

Here one can see how the predictions di er from the actual state space. Two typical
behaviours of the GGIW-PMBM Iter can be seen in the gure. One where a prediction
is only covering a part of a vehicle because of size and orientation error, but is still
relatively close with regards to the center point. Since the measurements fed to the
tracker are sparse and only cover parts of the vehicle, the PMBM Iter have a problem
spanning up the true extent of the targets. The other typical behaviour is that the Iter
predicts measurements that stems from clutter (in this case a wall) to be a vehicle. By
more speci ¢ tuning and changed motion models this would probably be solvable but
may in turn lead to other unwanted tracking side e ects.

5.3.1 Inference times

In addition to the GOSPA error measurement, the inference time is another interesting
aspect when comparing the tracking approaches. Table presents the inference times
in the di erent network architectures and the GGIW-PMBM Iter. The time is measured
from the point the model is fed the data sequence generated from the le to the time
that a prediction is made. The inference times presented are the mean 100 prediction
runs and were run on an AMD Ryzen 5 2500U 2.00 GHz CPU.

Table 5.3: Inference times of the di erent trackers when analyzing a sequence of 20 time
steps.

Tracker Inference time [s]
Homogeneous ‘ Heterogeneous
MET3v2 SMgate 0.6011 0.5195
MET3v2 0.4329 0.4071
MET3v2 noSM 0.4609 0.4217
GGIW-PMBM 271.9117 209.5303

Alike the results in [5] where similar tests are conducted, the inference times for these
tasks when using the network trackers are considerably lower than the times given by
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the GGIW-PMBM Iter. The lIters inference time is highly variant and dependant on
the sequence given to it where the inference time is drastically increased when the Iter
is having many tracks active because of computational load. This kind of behaviour is
not observed in the case of the model free trackers where the amount of objects to be
tracked have little impact on the inference times.

5.4 Attention maps

Cross attention for a sequence is illustrated below in Figure [3 in tandem with the
network output in Figure 2] These attention heads are taken during inference and show
the rst and last decoder layer cross attention. The attention between object queries
and encoder embeddings seem to be tilted towards the end of the embedding sequence
for most attention heads while some showcase attention for intermediary embeddings.
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Figure 2: Illustrating the prediction output of attention maps in Figure
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(a) Cross attention in Decoder Block 0.
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(b) Cross attention in Decoder Block 5.

Figure 3: Comparison of cross-attention in di erent decoder blocks.
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Discussion

6.1 Results from the network training and evaluation

As can be seen in chapter 4 & 5 and previously shown in [5], the MET3v2 network is
comparable with a tracking Iter that is building on the traditionally used mathematical
model based trackers. In this case the trained networks even surpasses the conventional
tracking Iter used as a benchmark. The evaluation was conducted by using data gen-
erated and annotated by CARLA and the radar tool which is a setting that the network
architecture has not been tested in before.

The GOSPA error during network training in chapter 4 shows that both when using the
data with the homogeneous and the heterogeneous objects, the trained models using the
selection mechanism as proposed in [5] converges faster than without it. This suggests
that the use of it even when tracking extended objects is bene cial although the usage
was intended for point objects.

The bene ts of using the added gating leaves little to no proof that it is bene cial to
use since both of the selection mechanism architectures yielded good results. However,
in the simulations that were ran, the radar rarely yields more than a few points from
one object in the same time step and reduces the need of such an approach but may
see its use in situations with denser point clouds where it can reduce the cloud more
e ciently. Another methodology that also builds on the similarities or dissimilarities
from measurements in the point cloud alike the gating approach could be to try to
tie the measurements together instead of removing them and then attribute them to
hypothesized objects. This could be based on other information than the position of the
measurement such as the radial velocity but has yet to be incorporated in the network,
let alone tested. However a distinction on how much information every data point
contains needs to be formulated in order to see if removing or classifying data is the
best way to aid the network.

When looking at the results from the evaluation tasks in chapter 5 the DL approach
shows very good results compared to the GGIW-PMBM Iter. When breaking down the
di erent components in the GOSPA measurement, it shows that the major contributors
are the missed and false target errors. The evaluation of the original MT3v2 network
conducted in [5] shows a similar trend when using the setup described in the paper.

Questions may be raised about the sample size of 100 sequences used during evaluation
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and that it may be to small to be able to draw accurate conclusions. Furthermore,
all the evaluation runs are trained on unique sets of sequences which may skew the
results somewhat between the evaluation runs if a tracker have been fed sequences that
are considered more di cult than others. Multiple evaluation runs were done in order
to see the variance of each of them and showed a di erence in GOSPA error between
5 10% between the runs. This indicates that the 100 sequences are enough to make
the evaluation run general.

In the case of the homogeneous dataset it can be seen that the false target error in the
GOSPA measurement is signi cantly higher than that of the heterogeneous dataset. This
is interesting since the heterogeneous dataset was originally seen as the more challenging
dataset because of the increased dynamics. This is most likely due to the velocity and size
pro les of each vehicle that helps the network to distinguish between readings coming
from di erent vehicles close to each other. It is however still worth mentioning that
the false target error accounts for less than one false target per prediction and that the
cardinality predictions of all the network settings performed over expectation even when
dealing with MEOT tasks.

6.2 GGIW-PMBM

The GGIW-PMBM Iter, although proven powerful as a tracker, is intricate and de-
pendant on the many parameters and settings that are connected to it. This leads to
challenges in how to tune the tracker suitably for the radar data yielded by the radar
module used in CARLA and how general the tracker have to be able to handle all the
unigue sequences that it may encounter. The data used in this work can be considered
to be complex both in terms of the dynamic behaviour of the tracked objects but also
considering clutter, occlusions and variety of possible spawn points.

Since the vehicles in the simulations have a dynamic velocity pro le that can accelerate
and decelerate as well as changing direction, the GGIW-PMBM lters linear motion
model of the velocity pro le resulted in the tracks having a tough time to keep up and
made it di cult for the associations while still not getting stuck on static objects that
are undesirable to track. To handle this, though di cult to be done e ectively, a more
accurate motion model is probably bene cial for the overall tracking performance of
the Iter. Ways of making the motion model more dynamic and realistic exists such as
interacting multiple models or the coordinated turn model [39], [40Q].

Another problem when tracking extended objects with Iters is that measurements usu-
ally appear along the edge of the vehicles which gives the Iter a hard time estimating
the extent since it is only aware of a small part of the whole extent. This is a known
problem when working with extended objects in the radar eld [18]. The Iter also had
problems keeping up with targets further away from the radar spawn point which were
getting frequent but fewer hits than the ones close to the sensor. This implies that
the environment and measurement model that has been used is not ideal for tracking
with the GGIW-PMBM Iter. With more speci ¢ tuning, the Iter would probably be
able to perform better but due to the high ratio of clutter in the point clouds it would
be di cult to make the Iter perform on par with the DL methods without adding or
reshaping the Iter in any way to tailor the needs.
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6.3 Network training

Since the training times were long and resources limited there were only time to train
one of each network. Since DL is a stochastic process, it is di cult to know if the
resulting trained networks are optimised in a way such that they have found a global
optimum.

Another question to ask is if 100000 training steps are enough to train a network of
this calibre. An ever actual question when working with ML of any sort is to know
how many training steps are required to train a network and when it is trained enough
to be considered fully trained or trained enough. Another question to ask is how big
the network needs to be as well as how much diverse data is needed to not train the
network to become inbred. As have been shown before, transformer networks are usually
bene ting from scaling in the form of more data and more parameters to perform better
[41], [42]. This implies that the architecture used could perform better and that the size
is something that limits the performance from the training.

Figure [I] shows the later stages of the training when training the network on the homo-
geneous data with the selection mechanism architecture with a linear regression to see
the trend of the data.
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Figure 1: Linear regression for loss and GOSPA error over the last 10000 training steps.

The gure suggests that the loss is still decreasing in the later stage of the training while
the GOSPA scoring seem to have stagnated and perhaps even increasing slightly which
suggests that the network is fully trained to its maximal performance given the dataset
that is available. To further enhance performance, exploring the use of a larger model or
expanding the dataset to include more varied examples may be bene cial. Additionally,
implementing early stopping could be considered to prevent the model from over tting.

6.4 CARLA and the radar module

The radar module in CARLA that was used to generate the point clouds has limitations.
Therefore, the question of how alike it reassembles an actual FMCW-radar that is used
in a real life setting is relevant. Some of the major points that makes the readings from
CARLA less realistic are:
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< No noise in the measurements
e Only yields measurements from edges
< Cannot go through window panes and other penetrable objects

These are key behaviours that needs to be addressed in the CARLA simulations if it
is to be used in a domain adaptation kind of setting. This measuring behaviour also
possibly skews the results in a way that makes the data easier to work with since it is
more deterministic than data containing a lot of noise.

However, the fact that the measurements are only registered from the edges might
restrain the ability to track from this data since there does not exist any information
concerning the extent of the objects. When having the ability to receive data points
uniformly over the objects extent it also gives the network a clue of the size di erences.

6.5 Future work

The MET3v2 network have in this work shown potential in the radar tracking domain
but there are ways to explore its capabilities further in possible future work.

6.5.1 Attention

The cross-attention between the decoder object queries and encoder embeddings suggest
that that the network has learned to create object queries that inquire about what
point-measurements are most likely to be objects. The network usually nds these
correlations at the last instances of the sequence but they are sometimes also shifted to
earlier measurements as well. Of further note is also that the attention is a vertical line
suggesting that a single attention head nds correlation between all (or most) object
queries and one/few measurements. This behaviour gives rise to questions:

« Does the network mainly attend to the last measurements, and if true could the
network be trained on even fewer time steps?

< Can the network training be improved such that object queries inquire more gener-
ally, attending better to object extents and nding correlations between measure-
ments. In simpler terms what changes would be necessary to make the network
attend between measurements like illustrated in Gl

To change the way the network attends means to change the way it is penalized in loss
functions and perhaps also change how and what it predicts. In the MET3v2 and MT3v2
network the object queries are essentially encoder embeddings that have been projected
and transformed by a single FFN and into "projected embeddings" as illustrated in
Figure[I3] The projected embeddings are essentially derived from measurements, though
transformed multiple times, and thus the question arises if the object queries should be
something else.

6.5.2 Modifying the loss function

The implementation of a CloU was done in hopes of adapting it to take into account
rotation and more importantly modifying it to allow for direct bounding box prediction
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onto the [z, y]-plane. After some considerable thought and time modifying the CloU
loss function it is deemed simpler and perhaps less computationally expensive to simple
employ a Mean Squared Error loss function for our purposes testing similar sized cars
or even Relative Error loss function when dealing with larger variations in vehicle sizes.

Relative Error = = | |1 '9t| &

‘w Wgt

] (6.1)

wgt

It might however also be possible to do away with the entire Bounding Box predictor
and loss function altogether, simply expanding the original Pos&Vel Predictor (State
Predictor) head to predict the height and width of each object query. This way the
model head will predict the entire state in one MLP and perhaps nd better association
between all the states (position, velocity and extent) within predicted objects. The
Hungarian Matching algorithm and state loss would be extended to incorporate object
extent.

Extended objects

To properly manage extended targets, insofar as attention goes, one might need to
revise or add a loss function such that object identities are maintained and attended
to properly in training. As of now the network predicts Ny object queries which are
suitable guesses for objects and as can be seen in the gure [3] of attention heads. The
focuses between encoder embeddings and decoder object queries however to mainly lie
at the end of the sequence.

Though the network proves it can handle object detection the network seems to not
utilize all of the measurements for its prediction. Thus nding a way to incorporate
identities into the training sequence and making use of them in a proper loss functions
might be helpful.

6.5.3 Tracking Identities

The current architecture demonstrates the ability to track objects within a speci ¢ frame
of reference, corresponding to the input data spanning a certain time. However, to
maintain object identities consistently over longer periods and across consecutive time
steps, modi cations to the network architecture would be required. Speci cally, this
would involve incorporating an auto-regressive component into the model, accounting
for object identities across time, ensuring that each object is consistently identi ed
and tracked throughout the sequence. ldentities predicted would need to in uence the
predictions in subsequent steps. This would allow the network to maintain continuity
in object tracking.

While these modi cations would enhance the network’s ability to track objects consis-
tently, they might increase the complexity of the model and potentially increase inference
times. For applications focused solely on obstacle avoidance, especially for the domains
which employ radar sensors, the precise tracking of individual object identities may be
less critical and this added complexity might be unnecessary.

There already exists several implementations to account for tracking identities through-
out multiple time-frames. Facebook Al Research teams proposed the Trackformer [8],
building on their previous DETR architecture [9] which manages to solve this prob-
lem in an end-to-end manner. It solves this problem by also including track queries

66



Chapter 6. Discussion

that are propagated across frames and used regressively. These queries maintain object
identities over time by associating detected objects in the current frame with those in
previous frames. Incorporating these structures to the current MET3v2 network might
be a viable option, since it shares many structures with DETR, if maintaining identities
regressively is deemed necessary.

6.5.4 Training on higher resolution

Training on higher resolutions yields more information which as so far been sparse and
in general might yield even better results. However the direct correlation between more
data and physical radar size might make this impractical. Because of limited resources
this work does not include training on denser radar clouds, where using the gating
approach modality is expected to perform better. This would require the network to be
bigger which in turn takes longer to train.

6.5.5 Tracking 3D-objects

Although the detections in this work were captured in the 3D space, the network only
predicted the 2D bounding box. Tracking in the 3D space gives rise to a multitude of
new challenges but also further use for the network. Extending the network to a 3D
tracker will require some alterations similar to the ones that have been done in this
work.

6.5.6 Deployment on real data

The end goal of the network is to be able to be handle and yield accurate predictions
from radar data that have been collected in reality. As brie y mentioned in [6.4] this
entails several new challenges that have not been relevant to investigate in this work
working with data stemming from CARLA.

Measurement noise

The uncertainty of the data is increased with the measurement noise. The noise from
real data that is not present in the CARLA software introduces an uncertainty in the
data and adds to the complexity of the problem. How the network would handle this
is hard to say but it would most probably make the associations from measurement to
object more di cult.

SNR & RCS

An idea of using the SNR in the selection process to alter the scoring of the points
that was received was discussed but not implemented since the handling of the SNR in
CARLA was deemed to simplistic and unrealistic to be able to be used e ectively in the
network implementation. The SNR is not deemed to be robust in most radars however
so the probability of successfully utilizing this is rather low.

RCS is a direct property of a targets re ectivity and is di erent between various objects.
It can indeed give a hint as to what type of re ection surface it has. Metal objects are
naturally more re ective than other materials such as concrete. Which might aid when
doing the rst assessment of which measurements are interesting in a tracking setting.
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6.6 Sustainability and ethics

There are two main concerns regarding sustainability and ethics when dealing with DL
for radar detections. The environmental impact of Al usage and the possible misuse of
the tracker.

Depending on the problem one wants to solve and the magnitude of it, it can take a lot
of power both in training networks and also in usage, this leads to an increase in power
consumption. Recent reports have shown that the energy consumption connected to Al
has increased steadily over time and that these e ects needs to be taken account for in
future legislation to make Al usage more sustainable [43],[44],[45].

Relying solely on DL solutions and consider them to be robust may sometimes depending
on the use case cause harm and in some situations even be fatal. Recent reports have
shown di erent kinds of DL solutions that shows serious aws if not addressed properly
and those that have failed, while most of the failures are harmless and does not cause
issues other failures can lead to serious injury [46],[47]. Developing and using Al with
this in mind is crucial to minimize the possible societal impacts that it may entail. For
this work which touches both tracking and ADAS it is important to make sure that the
system is not used in ways that can cause harm to the user.

68



Conclusion

From the results in chapter 5, we can conclude that the MET3v2 network and the DL
approach to radar tracking are comparable and even outperforms the GGIW-PMBM
SOTA tracking method that was used as a benchmark when evaluated with a GOSPA
metric. The evaluation were set in situations where the data were complex with many
di erent kinds of objects present with non-linear velocity pro les. This suggests that an
approach that builds on DL when working with MEOT problems for radar detections
are of interest to nd a solution for optimal tracking performance. Although the usage
of DL tracking solutions in radar applications in actual real-life use cases are limited,
this work gives implications that when wanting to track extended objects in cluttered
environments, the new SOTA methodology could be model free in a near future.

The MT3v2 transformer architecture serves as a good base for learning from dynamic
stochastic data such as the one generated by CARLA simulations. The data can be
considered complex with lots of clutter, dynamic motion, extended targets and stochastic
behaviour and can to some extent be considered alike data that are taken from real
life in an urban environment. During training, the network managed to increase its
performance over the course of time when periodically evaluated on a evaluation dataset.
This implicates that the network is able to be trained on complex data and potentially
could be trained with real life data and get deployed in a commercial system as a tracker.

With this said, the reality is often way more complex than what any simulation tool
can produce. In accordance with what can be seen in other Al domains, a fool proof Al
solution is almost an impossibility since the amount of edge cases that can occur in any
situation is in nite and impossible to account for while creating a suitable dataset for
network training and evaluation.

When assessing the networks ability to perform MEOT tasks compared to the GGIW-
PMBM Iter it shows great performance when evaluating with a GOSPA measurement.
When analyzing the tracking behaviour it becomes apparent that the clutter that the
environment produces in combination with unpredicted births, deaths and dynamical
movement pro les makes it very hard to tune the GGIW-PMBM Iter used to match the
performance of the network. One of the major strengths of the model free approach had
that the Iter had issues with was its ability to discern clutter from actual measurements
which simpli es the problem immensely. With the resulting low inference times with
using the DL approach less computational power there are also a economical bene t
in not needing expensive components in order to predict in real-time making it widely
accessible.

69



Chapter 7. Conclusion

A drawback with using the network as a tracker is the amount of data needed for it
to become e cient and not over tted, as with all kinds of ML tasks. This leads to a
shift in the work methodology which leads to the major part of the work is in the data
labeling and annotation instead of tuning the Iters to its optimal performance.

This work shows that the end-to-end DL approach for MEOT for radar applications
yields promising results in a scenario that is closer to a domain adaption than previ-
ously tested. After some alterations to the architecture of the existing network MT3v2,
resulting in the new network MET3v2, results shows that it can handle the MEOT tasks
provided well.
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A

Network configurations

Table A.1: ME3v2 model parameters used

Nparams Nlayers Omodel Mhead Ohead Batch Size Learning Rate

18.7 million 12 256 8 32 2 25 10 5—- 25 10 8



B

PMBM-GGIW parameters

Table B.1: Parameters for the homogeneous dataset task.

a b P v V
600 50 [1,1;1,1] 50 600 [1/2,3/4;3/4,1/2]

Table B.2: Parameters for the heterogeneous dataset task, where r denotes a random
oat between 0 and 1.

a b P v Vv
450 50 [1,1;1,1] 50 600 [1/2+7r,3/4;3/4,1/2+71]
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