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Abstract
Multi-object tracking (MOT) tasks use noisy sensor measurements to estimate ob-
jects’ states. MOT is widely used in many areas, including autonomous cars, surveil-
lance systems, and multi-agent systems. In a multi-sensor setting, measurements
from sensors located at different places are combined for improved accuracy. How-
ever, limited communication capacity or processing power sometimes makes it un-
feasible to collect and process detections from all sensors jointly. One way to deal
with this problem is using decentralized MOT, where object states (and possibly
also their densities) are estimated from local sensors and fused to construct better
estimation.

This thesis investigates the feasibility of using deep learning-based methods in a de-
centralized MOT context. Specially, we adapt recently proposed deep multi-object
trackers based on the transformer architecture to fuse the trajectory estimates ob-
tained from different local multi-object trackers and output states as well as un-
certainties of objects at the current time step. We compare the performance of
deep learning-based trackers with a state-of-the-art (SOTA) model-based Bayesian
decentralized multi-object tracker in simulated scenarios with different sensor set-
tings and parameters of local multi-object trackers. The simulation results show
that learning-based models can outperform or match the performance of the SOTA
method in our experimental scenarios.

Keywords: Decentralized multi-object tracking, Deep Learning, Transformers.
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1
Introduction

Autonomous vehicles (AVs) are being developed to provide people with a safe, com-
fortable, and efficient driving experience [4]. They have the potential to reduce road
accidents, minimize the efforts of human drivers, and save fuel [5, 6, 7]. One essential
function, which enables vehicles to operate reliably, is called perception, and it aims
to comprehend the vehicle’s environment in real-time precisely. Specific tasks that
fall under the category of perception are, for example, the detection of dynamic and
static objects [4]. Similar to how humans sense surroundings using their eyes, AVs
rely on different kinds of sensors (for example, cameras, LiDARs, and radars) for
perceiving the environment and extracting information for later usage.

Multi-object tracking (MOT) tasks use noisy sensor measurements to estimate ob-
jects’ states. MOT is widely used in many areas, including autonomous cars, surveil-
lance systems, and multi-agent systems. In a multi-sensor setting, measurements
from sensors located at different places are combined for improved accuracy. How-
ever, limited communication capacity or processing power sometimes makes it un-
feasible to collect and process detections from all sensors jointly. One way to deal
with this problem is using decentralized MOT, where object states (and possibly
also their densities) are estimated from local sensors and fused to construct better
estimates. An essential challenge of decentralized MOT is to leverage information
obtained by independent tracking algorithms while ensuring that the unknown com-
mon information is not double-counted [8].

In a decentralized MOT setting, the model-based Bayesian filters are currently con-
sidered the state-of-the-art (SOTA), which can be classified into two groups [9].
The first group of filters aims at finding the optimal posterior density through com-
puting the joint likelihood using all sensor measurements. Examples of algorithms
in this group include the multi-sensor probability hypothesis density (PHD) filter
[10], the multi-sensor generalized labeled multi-Bernoulli (GLMB) filter [11] and the
multi-sensor multi-Bernoulli filter [12]. In practice, measurements are transmitted
between sensors, which might be asynchronous and heterogeneous [9]. As a con-
sequence, applying these algorithms directly are computationally intractable, and
approximations are therefore usually required.

In contrast, the filters in the second group, which is the focus of this thesis, fuse
the multi-object posterior densities yielded by the local sensors, where the SOTA
is achieved by filters that use average approaches; namely, arithmetic average (AA)
and geometric average (GA) [13, 14]. These filters are more robust and fault-tolerant
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1. Introduction

but typically yield sub-optimal solutions since the cross-correlation between densi-
ties has been omitted [8].

Deep learning (DL) based MOT trackers have shown unmatched performance in
academia and industry in recent years. These trackers typically perform tracking
using high-dimensional measurements, such as images and video sequences, which
have been boosted due to the rapid increase in computational power. Typical ex-
amples include Trackformer [15] and TranTrack [16]. Besides tracking objects in
images and videos, transformer-based multi-object trackers or multi-object tracking
transformers (MOTTs) have displayed great performance on multiple point object
tracking (MPOT) [2, 3, 17], using low-dimensional measurements, e.g., positions
and velocities. These trackers are the main concern in this project, which were not
trained and evaluated for decentralized tracking before this thesis.

In this thesis, we explore to what extent DL-based MOT trackers can outperform the
current SOTA in the context of decentralized fusion. Specially, we apply MOTTs to
solve decentralized MOT tasks using synthetic data. Besides producing promising
results for various tasks, the MOTTs have many reasons for being suitable candidates
to solve decentralized MOT tasks. First, the MOTTs treat MOT tasks as a set
prediction problem, where they input a sequence of measurements and produce a
sequence of estimates [2]. We can adapt this idea to the decentralized fusion and
replace the input of MOTTs from a sequence of measurements with representations
of sets of trajectories. In addition, MOTTs are tailored to the representations of the
long-range patterns of trajectory estimates, allowing the model to make predictions
after considering the information contained in each input element [2]. Nevertheless,
to the best of our knowledge, using MOTTs for solving decentralized MOT tasks
has not been explored, and the performance of transformers for decentralized MOT
has not been compared to the performance of current SOTA model-based Bayesian
solutions before this thesis. Therefore, we believe the investigation into this topic is
necessary.

1.1 Objective
In this thesis, our objective is to use MOTTs [2, 3, 17] for solving decentralized MOT
tasks. In particular, based on sets of trajectory estimates obtained from different
local sensor systems over a certain period, the goal is to estimate object states as
well as associated uncertainties at the current time using MOTTs. We modify the
existing MOTTs to meet our requirements.

To study the performance of each model, we feed the models with datasets generated
in different scenarios and with varying complexity to compare their performance
with the SOTA model-based methods. The differences and complexities of the
datasets differ in sensor locations, areas of overlapped sensor field-of-views (FoVs),
and parameters of local multi-object trackers. In particular, in this thesis, we would
like to solve the following two tasks:

• Modifying the existing transformer-based multi-object trackers [3, 17] to solve

2



1. Introduction

different types of decentralized multi-objecting tasks.

• Compare the performance of the MOTTs with a SOTA model-based Bayesian
filter using synthetic data.

1.2 Demarcation
In this thesis, we will work on synthetic data. Implementing the model-based
Bayesian filters is considered outside the scope, and we instead use and modify
existing ones to suit our needs. For the output from the network, we focus on es-
timating object states at the last time step instead of the estimation in an entire
interval.

1.3 Thesis outlines and main contributions
In Chapter 2, the necessary background theory to understand the rest of the thesis
is provided to the readers. The concepts used in decentralized multi-object tracking
are defined. Next, we introduce a model-based filter used for data generation and
the model-based decentralized fusion method used as our baseline. Lastly, we intro-
duce the two MOTTs used in this thesis.

Chapter 3 describes the methods that we have used in this project. Firstly, we
present how to generate the data and construct the dataset. Secondly, we show the
preprocessing of the data set. At last, we present the evaluation methods.

The experimental evaluation is described in Chapter 4, where the experiments are
done in two different scenarios, each with three different tasks. The results obtained
from Chapter 4 are discussed and analyzed in Chapter 5, and we discuss future work
and draw conclusions in Chapter 6.

This thesis work incorporates the following major contributions:
• Applying MOTT for decentralized filtering.

• Experimental comparison between the performance of model-based filter and
MOTT in the context of decentralized fusion.

3
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2
Theory

We introduce the related background theory for this thesis. We will first introduce
decentralized multiple object tracking, including the basic concept of multiple object
tracking, random finite sets with their densities, and the trajectory Poisson multi-
Bernoulli filter as well as the SOTA model-based decentralized fusion method. In
addition, we provide an overview of MOTT that we apply to decentralized fusion in
this thesis. Lastly, we introduce a function that maps a scalar to a higher dimension.

2.1 Decentralized multiple object tracking
In this section, we introduce concepts and methods which arise in model-based
decentralized multiple object tracking considered in this thesis.

2.1.1 Multiple object tracking
MOT is a perception task that involves processing measurements collected from mul-
tiple objects to estimate their current states. One major challenge in MOT tasks
is called data association, which is caused by unknown relations between measure-
ments and objects [18].

When the underlying multi-object models (see Section 2.1.3) and low-dimensional
measurements are provided, the MOT tasks are typically solved using model-based
Bayesian filters. For standard MOT models with object birth process modeled by
a Poisson point process (PPP, see Section 2.1.5 as well as Section 2.1.2 ) [19], the
Poisson multi-Bernoulli mixture (PMBM) filter based on random finite sets [19] can
provide the closed-form solution [20], which, in theory, yields exact multi-object
posterior without approximation. In practice, it is unrealistic to obtain a com-
putationally tractable solution without approximation due to the data association
problem [21]. Thus, these methods must resort to different approximation methods
to reduce their computational complexity, inevitably leading to a deterioration of
tracking performance.

In the past few decades, with the development of DL technology as well as the rapid
increase in computational power, the DL-based trackers have emerged as attractive
alternatives to the model-based Bayesian filters, especially in cases where measure-
ments are of high dimension and the multi-object models are highly non-linear or
even not available [22]. In particular, the MOTTs are trackers developed based on

5



2. Theory

the Transformer [23] and have been applied for solving point object tracking tasks,
where they have achieved competitive performance compared with SOTA model-
based Bayesian filters [3].

2.1.2 Random finite sets
In this work, we use sets to represent object states, measurements, and trajectories.
By definition, a RFS is a random variable that outputs sets with a randomly finite
number of random object states [2]. More specifically, given a RFS:

x = {x1, x2..., xn}, (2.1)

the object state xi, i ∈ X as well as the set cardinality can be random. In the MOT
context, X is either object state space Rnx or measurement space Rnz , where nx and
nz are, respectively, the dimension of single-object state and single measurement.
There are many advantages of using RFSs in MOT. For example, they facilitate
modeling uncertainties in MOT problems, e.g., the appearing and disappearing of
objects. In addition, they are potent tools for deriving Bayesian-optimal solutions
in theory. Furthermore, they help develop metrics for performance evaluation.

RFSs are characterized by their probability density functions (PDFs). The PDF
of a RFS captures the distribution over its cardinality and its elements (given the
cardinality). We introduce a few vital RFSs and their distributions, which are the
building blocks of many RFS-based MOT methods.

The Poisson RFS is a RFS with Poisson distributed set cardinality. In MOT, the
object birth process and the generation of clutter measurements are commonly mod-
eled by the Poisson RFS, the PDF of which is

pPPP
x (x) = e−

∫
λ(x′)dx′ ∏

x∈x
λ(x), (2.2)

where λ(x) is the intensity function, and its integral
∫

λ(x)dx gives the Poisson rate.
In addition, the Poisson RFS is also call Poisson point process (PPP).

The Bernoulli RFS is a RFS with a Bernoulli distributed set cardinality. In MOT,
the Bernoulli RFS is commonly used to model single-object detection in point object
tracking and the single-object state with uncertain existence. Its PDF is of form

pBer
x (x) =


0, if |x| > 1
rpx(x), if x = {x}
1− r, if x = ∅

(2.3)

Here, r and px(x) represent the existence probability and a PDF describing the dis-
tribution over random element x conditioned on existence, respectively.

In MOT, Bernoulli RFSs can be used to model a single object, and multiple ob-
jects can be naturally represented through a multi-Bernoulli (MB) RFS. We as-
sume that x1, x2, ..., xN are independent Bernoulli RFSs with corresponding PDFs
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2. Theory

px1(x1), px2(x2), ..., pxN
(xN), then the PDF of a MB RFS is:

pMB
x (x) =

∑⊎N

i=1 xi=x

N∏
j=1

pxj
(xj), (2.4)

where ⊎ denotes the disjoint union.

A multi-Bernoulli mixture (MBM) RFS is made up of MB RFSs, and its PDF is:

pMBM
x (x) =

M∑
h=1

whph
x(x), (2.5)

withM mixture components. Further, ph
x(x) is the PDF of the h-th MB RFS (2.4),

and wh is its corresponding weight, where ∑M
h=1 wh = 1.

The PMBM is made up of a PPP and an MBM RFS, and its PDF is given by:

pPMBM
x (x) =

∑
u

⊎
v=x

pPPP
u (u)pMBM

v (v), (2.6)

where u represents the set of undetected objects with PDF of form (2.2), and v
represents the set of detected objects with PDF of form (2.5).

2.1.3 Transition and measurement models for multiple ob-
jects

We introduce transition and measurement models for multiple point objects [19].
Concretely, the object state x ∈ Rnx evolves using an independent and identically
distributed Markovian process with π(xt+1|xt) being single-object transition density,
where xt+1 and xt denote object state vectors for time t+1 and t, respectively. Each
x ∈ xt has probability pS(x) to survive. In addition, new object birth process is
modeled by a PPP with intensity λbirth(x).

We proceed to describe the measurement model for multiple point objects. For ev-
ery x ∈ xt, if it is detected with probability pD(x), we then use g(z|x) to generate
a measurement; Otherwise it results in a misdetection with probability 1 − pD(x).
Furthermore, measurements comprise object-generated measurements z and clutter
measurements, where a PPP models the latter ones with intensity λclutter. Since we
are concerned with point objects in the thesis, we assume that at most one mea-
surement is allowed to be generated by at most one object and vice versa.

2.1.4 The Set of trajectories
We adapt the trajectory state model proposed in [20, 24, 25]: the states of the
trajectory are represented by

X = (ts, x1:κ), (2.7)

7



2. Theory

where ts, κ, x1:κ, respectively, represent the trajectory’s start time, the trajectory’s
length, and a sequence of object state vectors

x1, x2, · · · , xκ−1, xκ. (2.8)

This gives a single trajectory that starts from time step ts and ends at time step
κ+ ts−1, where x ∈ R4. Further, let t be the current time, we are mainly interested
in trajectories that have existed up to t, with state space defined as [20, 24, 25]

Tt =
⊎

(ts,κ)∈It

{ts} × Rnxκ, (2.9)

where ⊎ is the disjoint union operator and

It = {(ts, κ) | ts ∈ {0, · · · , t}, κ ∈ {1, · · · , t− ts + 1}}. (2.10)

By collecting a finite number of trajectories in space Tt, we obtain a set of trajectory
Xt at time t, and collecting all possible finite sets of trajectories in space Tt results in
a space F(Tt) [24, 25], where Xt ∈ F(Tt). Further, we can define integration over a
single trajectory and a set of trajectories 1. Concretely, let f(·) be a real-valued func-
tion on Tt, we denote

∫
f(X)dX as the integration over a single trajectory [26, 20]. If

f(·) is non-negative and
∫

f(X)dX = 1, then f(·) is a single trajectory density of X.

Furthermore, if f(·) is real-valued but defined on F(Tk), we denote
∫

f(X)δX as
the integration over a set of trajectories [20]. Similarly, if f(·) is non-negative and∫

f(X)δX = 1, then f is a density of a RFS of trajectories [20].

Finally, if each trajectory in Xt either ends as t or before t, we call Xt the set of all
trajectory [20] in the remaining parts of this thesis.

2.1.5 Trajectory RFS
The RFSs in Section 2.1.2 are also called target RFSs, where we are mainly con-
cerned with object states [25]. In this section, we instead introduce trajectory RFS
and instead focus on the set of trajectories. In what follows, we introduce some
important trajectory RFSs, which are generalizations of target RFSs introduced in
Section 2.1.2.

The density of a trajectory Poisson RFS (or PPP) is [24]

fPPP(X) = e−
∫

D(X′)dX′ ∏
X∈X

D(X), (2.11)

where D(·) is its intensity function.

The density of a trajectory Bernoulli RFS is [24]

fBer(X) =


0, if |X| > 1
rf(X), if X = {X}
1− r, if X = ∅

, (2.12)

1The mathematical details of the integration can be found in [20].
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where r is the existence probability and f(·) is the density of a single trajectory .

The trajectory MB RFS is made up of multiple trajectory Bernoulli RFSs, and it
has a density [24]

fMB(X) =
∑⊎N

i=1 Xi=X

N∏
i=1

.fBer
i (Xi), (2.13)

The trajectory MBM RFS is made up of trajectory MB RFS densities, and it has a
density [24, 20]

pMBM(X) =
H∑

h=1
whfMB

h (X), (2.14)

where ∑H
h=1 wh = 1.

Finally, the trajectory PMBM RFS has a density [20, 8]

fPMBM(X) =
∑

U
⊎

V=X
fPPP(U)fMBM(V), (2.15)

which comprises a trajectory PPP and a trajectory MBM RFS.

2.1.6 Multi-trajectory transition and measurement model
Similar to Section 2.1.3 where we have introduced the Bayesian models for objects,
we briefly mention the Bayesian models for the set X of all trajectories. Each tra-
jectory X ∈ X evolves using the Markov system with density π′(· | X) described
in [20]. Newborn trajectories are modeled using the trajectory Possion RFS with
Dbirth(X) as intensity function, and each trajectory X ∈ X remain in X with a
survival probability P S(X) [20].

For each trajectory X ∈ X, if it is detected with probability pD(X), then a mea-
surement is generated using l(·|X); Otherwise it results in a misdetection with prob-
ability 1 − pD(X). It is worth noting that the functions introduced in this section
so far are defined on a single trajectory X instead of sets of states in Section 2.1.3
despite the overall structures being similar. Furthermore, The clutter model is the
same as defined in Section 2.1.3.

2.1.7 Hypotheses and track in MOT
We introduce the concept of local hypothesis, global hypothesis, and track as they
arise in deriving the filter used in this thesis. Definitions 1-3 are taken from [1].

Definition 1 (Global Hypothesis) Given several potential objects along with a
set Z contains measurements collected up to the current time, a global hypothesis
is a way to divide Z into subsets and assign each subset to a particular object by

9



2. Theory

assuming the subset of measurements is associated with that object.

Definition 2 (Local Hypothesis) A local hypothesis is a subset of measurements
such that each measurement is assigned to the same object by assuming that all the
measurements within that set are associated with that object.

First of all, the global hypothesizes are made up of local hypotheses, where each
local hypothesis contains the information of measurements that are associated with
a particular object under the hypothesis, the associated hypothesis weight, and the
Bernoulli distribution of the form (2.12) associated with the hypothesis, parameter-
ized by the existence probability and the PDF [1].

Definition 3 (Track) A track is a set of local hypotheses related to an object since
it was detected, which contains information on associating measurements to that
object in different possible ways.

Figure 2.1: The illustration of an example of local hypothesis, global hypothesis
and track. The figure is inspired by [1, Figure 1 ].

We use a small example to combine the concepts introduced in this section, shown
in Figure 2.1. We start with 2 measurements time step 1, each of which gives rise to
a new track by updating the PPP of unknown objects [1]. As shown in the figure,
each new track contains two hypotheses:

• Non-existence (n.e. for short) hypothesis: Under this hypothesis, the mea-
surement follows one of the previous tracks, so the corresponding new track
will not be associated with this new measurement.

• (t, j) hypothesis: Under this hypothesis, the measurement follows new track.

10
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Here, t denotes the time step while j is the the measurement index, where
t ∈ {1, 2} and j ∈ {1, 2}.

For time step 2, we also assume that two measurements are received. Again, they
give rise to two new tracks, which behave similarly to track 1 and track 2 at time
1. The (1, 1) hypothesis of track 1 and (1, 2) hypothesis of track 2 all branch into 3
cases: one for missed detection and the others for the new measurements. The n.e.
hypothesis at time 2 is not branching. A sample of a global hypothesis is shown in
Figure 2.1, where every measurement in every step is used precisely once [1].

2.1.8 Trajectory Poisson multi-Bernoulli (TPMB) filter
We apply the TPMB filter to process the measurements collected by the associated
sensor and output trajectory estimates. Concretely, let t be the current time, given
a set of measurements zt = {z1

t , · · · , zmt
t }, we would like to find the TPMB poste-

rior density of Xt (see Section 2.1.4 for the meaning of Xt) and extract trajectory
estimates from the posterior.

Now, let t′ ∈ {t, t + 1}, the TPMB density is denoted as [20]

ft′|t (Xt′) =
∑

⊎t′|t
l=1Xl⊎Y=Xt′

fPPP
t′|t (Y)

nt′|t∏
i=1

[
fBer,i

t′|t

(
Xi

)]
. (2.16)

Here, fPPP
t′|t is the density of trajectory Poisson RFS defined in (2.11), specified by

the intensity Dt′|t(·). In addition, fBer,i
t′|t is the i-th Bernoulli component of the MB

component in (2.16), and there are nt′|t such components in total. Further, fBer,i
t′|t is

specified by the existence probabilities ri
t′|t and the single trajectory density f i

t′|t in
(2.12), where i ∈ nt′|t.

The TPMB filtering recursion for sets of all trajectories comprises a TPMB predic-
tion followedby a TPMB update. In particular, TPMB prediction step and TPMB
update step introduced in this section are based on Lemma 4 and Lemma 5 in
[20]. In each recursion, we will start with a PMB density (see (2.16)), where the
resulting density after a prediction step is a PMB and the resulting density after an
update step a TPMBM (see equation (2.15)). Concretely, for the prediction step at
time t− 1, we assume a TPMB density defined the same way as (2.16), specified by
parameters:

• Dt−1|t−1: the intensity of the trajectory Poisson RFS.
• nt−1|t−1: the number of Bernoulli components.
• ri

t−1|t−1: the existence probabilities of fBer,i
t−1|t−1.

• f i
t−1|t−1: the single trajectory density of fBer,i

t−1|t−1.

The prediction step updates the above parameters as follow [20]:

11
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Dt|t−1(X) = Dbirth
t (X) +

∫
Dt−1|t−1(X)π′

t(X | ·)P S(·)dX (2.17)

nt|t−1 = nt−1|t−1 (2.18)

ri
t|t−1 = ri

t−1|t−1

∫
f i

t−1|t−1(X)P S(X)dX (2.19)

f i
t|t−1(X) =

∫
f i

t−1|t−1(X)π′
t(X | ·)P S(·)dX∫

f i
t−1|t−1(X)P S(X)dX

(2.20)

where Dbirth
k (·), π′

t(·) and P S(·) follow the definition in Section 2.1.6 and X a single
trajectory.

For the update step at time t, given a set of measurements zt = {z1
t , · · · , zmt

t } re-
ceived from a sensor at time step t as well as the predicted TPMB density specified
by updated parameters of form (2.18)-(2.20), the resulting density after the update
is a trajectory TPMBM [20], which is made up of a trajectory PPP RFS and a
trajectory MBM RFS.

The intensity of the trajectory PPP and the number of Bernoulli components are
updated by

Dt|t(X) = Dt|t−1(X)
(
1− P D

k (X)
)

(2.21)
nt|t = mt + nt|t−1 (2.22)

where P D
t (X) is also defined in Section 2.1.6. For each Bernoulli component fBer,i

t|t−1(·)
in (2.16), i ∈ {1, · · · , nt|t−1}, there are mt+1 local hypotheses [20], where mt of them
correspond to associating the component to mt different measurements, and we plus
one as we also consider the misdetection hypothesis. Concretely, if the Bernoulli
component i is under the misdetection hypothesis , then the updated parameters
are:

wi,1
t|t = 1− ri

t|t−1

∫
f i

t|t−1(X)P D
t (X)dX (2.23)

ri,1
t|t =

ri
t|t−1

∫
f i

t|t−1(X)(1− P D
t (X))dX

1− ri
t|t−1

∫
f i

t|t−1(X)P D
t (X)dX

(2.24)

f i,1
t|t (X) =

(
1− P D

t (X)
)

f i
t|t−1(X)∫

f i
t|t−1(X)(1− P D

t (X))dX
(2.25)

If the Bernoulli component i is associated with measurement zj
t , j ∈ {1, · · · , nt|t−1},

then the updated parameters are:

wi,1+j
t|t = ri

t|t−1

∫
f i

t|t−1(X)l
(
zj

t | ·
)

P D
t (·)dX (2.26)

ri,1+j
t|t = 1 (2.27)

12
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f i,1+j
t|t (X) =

l
(
zj

t | X
)

P D
t (X)f i

t|t−1(X)∫
f i

t|t−1(X)l
(
zj

t | ·
)

P D
t (·)dX

(2.28)

Here, wi,1
t|t and wi,1+j

t|t are the associated hypothesis weights, and l(·) is the measure-
ment model defined in Section 2.1.6.

New measurements give rise to new Bernoulli component (or new track) with indice
i, i ∈ {nt|t−1 +1, · · · , nt|t−1 +mt}. In particular, if measurement zj

t , j ∈ {1, · · · , mt}
give rises to component i, there are 2 local hypotheses:

wi,1
t|t = 1, ri,1

t|t = 0 (2.29)

and

wi,2
t|t = λC

(
zj

t

)
+

∫
Dt|t−1, l

(
zj

t | ·
)

P D
t (·)dX (2.30)

ri,2
t|t =

∫
Dt|t−1(X)l

(
zj

t | ·
)

P D
t (·)dX

λC
(
zj

t

)
+

∫
Dt|t−1(X)l

(
zj

t | ·
)

P D
t (·)dX

(2.31)

f i,2
t|t (X) =

l
(
zj

t | X
)

P D
t (X)Dt|t−1(X)∫

Dt|t−1(X)l
(
zj

t | ·
)

P D
t (X·)dX

(2.32)

(2.33)

where λC(·) is the clutter intensity and (2.29) refers to the non-existence hypothesis
introduced in Section 2.1.7.

As the updated density is a TPMBM, the best TPMB fit of a TPMBM is ob-
tained by minimizing the Kullback-Leibler divergence (KLD) on an augmented space
[20]. Then, from the resulting density, we can extract trajectory estimates from the
Bernoulli component with an existence probability larger than a predefined thresh-
old. In this thesis, we use the TPMB filter for Gaussian densities, and the resulting
TPMB density consists of the start time of the trajectory, the probability if the
trajectory ends at a particular time, and the mean as well as the covariance matrix
of the trajectory conditional on terminating on that specific time. Further, we note
that the PMB density for the objects’ states at the current time can be obtained by
marginalizing out previous object states from the TPMB density.

2.1.9 Model-based decentralized fusion
In decentralized fusion, object state estimates and their densities from local trackers
are fused in a global filter to construct a better estimation. A significant challenge
here is to leverage information obtained by independent trackers while guaranteeing
that the unknown common information is not double-counted.

In our thesis, the model-based decentralized fusion is formulated as combining Ns

PMB posterior densities fPMB,1(x|z1), · · · , fPMB,Ns(x|zNs), obtained from Ns inde-
pendent TPMB filters, to get a global PMB posterior f

PMB
global(x|(z1, . . . , zNs)) over
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the set of current objects, with unknown prior densities. Here, zi is the set of mea-
surements from sensor i, i ∈ {1, · · · , Ns}. The problem is tackled by minimizing the
Kullback-Leibler average (KLA) between fPMB

global(x|(z1, . . . , zNs)) and fPMB,i(x|zi) for
all i ∈ {1, · · · , Ns} [8]:

f̄PMB
global = arg inf

fPMB
global

Ns∑
s=1

wsKLD
(
fPMB

global∥fPMB,s
)

, (2.34)

where ws ∈ [0, 1] such that ∑
s ws = 1, and KLD stands for the Kullback-Leibler

divergence, defined as:

KLD
(
fPMB

global∥fPMB,s
)

=
∫

fPMB
global

(
x | (z1, . . . , zNs)

)
log

fPMB
global

(
x | (z1, . . . , zNs)

)
fPMB,s (x | zs) δx.

(2.35)
One challenge for fusing PMB densities is that sensors may have different FoVs.
For instance, an object may be in the FoV of one sensor but outside the other one,
where we can model the former and latter cases using Bernoulli RFS and PPP,
respectively. Consequently, we are facing a situation of fusing a Bernoulli with
partial PPP intensity, resulting in incorrect solutions when minimizing the KLA [8].
One way to deal with this is by dividing the PPP intensity of each PMB density into
many independent PPP intensities (with their sum equal to the original intensity),
such that the total number of components (PPP intensities + Bernoulli components)
is the same for all PMB densities. We assume there are K such components, then
the PMB density (2.16) can be written as

fPMB,s(x) =
∑

∪K
i=1xi=x

K∏
i=1

f i
s

(
xi

)
, (2.36)

where the condition on measurements is dropped for simplicity and f i
s is the i-th

component of fPMB,s, which can be either a PDF of PPP (2.11) or a Bernouli RFS
(2.12). In this case, we can match any component f i

s (·) of the PMB density fPMB,s

from sensor s to any other component f j
s′ (·) of the PMB density fPMB,s′ from sensor

s′ [8], where i, j ∈ {1, · · · , K} and s, s′ ∈ {1, · · · , Ns}.

To perform the decentralized fusion in practice, we can assume that the fused density
f

PMB
global(x) also has form (2.36)

f
PMB
global(X) =

∑
∪K

i=1xi=x

K∏
i=1

f
i
(
xi

)
, (2.37)

where f
i(·) is its i-th fused components, i ∈ {1, · · · , K}. The KLA (2.34) can be

approximated by minimizing
Ns∑
s=1

ws

[
K∑

i=1
KLD

(
f̄ i(x)||fσ∗

s (i)
s (x)

)]
, (2.38)

where f̄ i(x) and fσ∗
s (i)

s are the i-th and σ∗
s(i)-th parts of f

PMB
global and fPMB,s, respec-

tively. Here, both i and σ∗
s(i) belong to {1, · · · , K}. In addition, σ∗

s() is an optimal
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permutation of the component index set {1, · · · , K} of density fPMB,s, such that f̄ i

and fσ∗
s (i)

s are matched if they are similar in principle of the KLD [8], where the
permutation can be defined as a function:

σ : i ∈ {1, · · · , K} → j ∈ {1, · · · , K}, (2.39)

where each i can be assigned at most once. The optimal permutation is to reduce
the computational complexity caused by dividing the PPP intensities. The optimal
permutation is also called the best possible fusion map [8], which is typically formu-
lated as an optimal assignment problem and solved by the Munkres algorithm [27].

The solution to (2.38) is computed for each component f̄ i of f
PMB
global [8]:

f̄ i(X) =
∏Ns

s=1

(
fσ∗

s (i)
s (X)

)ws

∫ ∏Ns
s=1

(
f

σ∗
s (i)

s (X)
)ws

δX
. (2.40)

After obtaining the K components of f
PMB
global, all the PPP components are merged

to one PPP, and any Bernoulli component with low existence probability will be
recycled [8].

2.2 Multi-object tracking transformers
The multi-object tracking transformers (MOTTs) are transformer-based trackers
that aim to solve MOT tasks. In the upcoming sections, we will mainly introduce
two MOTTs: MT3 [2, 3] and MT3v2 [17], after a brief review of the Transformer
[23].

2.2.1 Transformer
The Transformer [23] was initially developed to solve machine translation tasks. The
overall structure of the Transformer (c.f. Figure 2.2) is made up of an encoder and
a decoder. The input data is transfomed to a new representation by the encoder
via the attention mechanism. At the same time, the decoder uses the incorporated
contextual information [28] from the representation to generate an output sequence.

2.2.2 The attention mechanism
Motivated by human biological systems, the attention mechanism is the critical com-
ponent in constructing the Transformer model. It allows the model to concentrate
on the distinctive parts when dealing with large amounts of information [29] and
model the long-range dependencies [2]. Loosely put, the attention mechanism can
be viewed as a retrieval system, which stores a set of values with associated keys.
We then query the key and output the value. Further, every query element can in-
teract with every key, allowing the Transformer to infer the context of the input [3].
Regarding the attention mechanism, a weight calculated by finding the similarity
between a query and the corresponding key is assigned to each value. we multiply
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values with their weights and sum the results to obtain the finial output.

Figure 2.2: The structure of the Transformer is made up of an encoder and a
decoder. The encoder consists of N identical layers. Every encoder layer comprises
a multi-head attention sub-layer, an FFN, residual connection, and normalization
layers. The decoder also has M identical layers, each of which has a similar structure
as the encoder layer but with another multi-head attention module inserted.

Concretely, given a sequence of input vectors, we map each vector to the query
vector q, the key vector k, and the value vector v using a linear transformation. We
then construct three different matrices using the transformed vectors, Q, K, and
V . Next, we compute attention by multiplying Q with K, then scaling the results.
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Subsequently, we pass the scaled results to a softmax function, which is defined as

softmax(sj) = esj∑n
i=1 esi

, j ∈ {1, · · ·n}. (2.41)

At last, we multiply the result from the softmax function with V to obtain the
attention. The above calculation refers to “Scaled Dot-Product Attention”, shown
on the right of Figure 2.3, and we perform scaling to avoid the softmax function
generating minimal gradients [23].

Figure 2.3: The multi-head attention and scaled dot-product attention.

In practice, the scaled dot-product attention is usually performed several times in
parallel by a multi-head attention process to boost the performance, shown in the
left of Figure 2.3. Suppose we have h heads and a sequence of transformed input
vectors. For each head i ∈ {1, · · · , h}, we pack the inputs to Q, K, and V , and
perform the scaled dot-product attention at each head. Next, we concatenate all
the results obtained from different heads and reduce the final result’s dimensions
by multiplying it with a matrix of suitable dimensions [23]. Applying multi-head
attention can widen our ability to concentrate on one or more specific locations in the
sequence without affecting the attention on other equivalently important locations
in the meantime [28]. In practice, by using efficient matrix multiplication code, the
multi-head attention can be implemented in a faster and space-saving manner[23].

2.2.3 The encoder and decoder architecture
The Transformer consists of an encoder and a decoder. The encoder has N identical
encoder layers and encodes the input to a new representation. Every encoder layer
comprises a multi-head attention sub-layer, an FFN, residual connection, and nor-
malization layers. All these components are connected as shown on the left of Figure
2.2. As the previous layer’s output is fed to the subsequent layer, the output of the
encoder can represent all the relevant dependencies of the original input sequence.

The decoder also has a stack of M identical layers, and it maps the initial output
embeddings to the output sequence based on the representation from the encoder.
Each decoder layer has a similar structure as the encoder layer but with another
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multi-head attention module inserted (c.f. Figure 2.2), and it computes the multi-
head attention on representations obtained from the encoder. Similarly, the residual
connections and layer normalization are employed in each decoder layer.

Figure 2.4: The structure of the MT3 is made up of an encoder, a selection
mechanism, and a decoder. The encoder takes the measurement sequence z1:n and
outputs new representations e1:n just like the transformer, which is fed to a selection
mechanism to produce the object queries o1:k and initial predictions z̃1:k. Next,
based the above information, the decoder predicts the existence probabilities p1:k

and object states x̂1:k
T at time T .

2.2.4 Positional encoding
As stated early, the Transformer was originally developed to solve tasks within the
field of NLP. In such a setting, the inputs to the Transformer are often sentences in
different languages, and changing the order of words in a sentence may affect the
sentence meaning significantly. However, the Transformer is permutation-invariant,
meaning that it is not sensitive to the word order of input sentences. To use the
order information contained in the input sequence, the authors in [23] proposed
positional encoding, which is a function denoted as ϕ(·). It maps the index i of a
vector ci of the sequence of vectors c1:n to a unique embedding vector ϵi:

ϵi = ϕ(i), (2.42)
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where ϵi typically has the same shape as the vector ci such that they can ( and will)
be added before feeding them to the network, allowing the model to acquire the
order information associated with the input. The positional encoding can be either
absolute or learnable, where the authors in [23] found these two versions produced
nearly identical results.

2.2.5 MT3
The MT3 is a transformer-based deep neural network that aims to solve the MOT
tasks and an overview of its structure is shown in Figure 2.4. The MT3 takes
a sequence of measurements z1:n as inputs and processes them by a Transformer
architecture. The encoder first maps the measurements z1:n to a new representations
(also called embeddings) e1:n. We then feed these representations e1:n, together with
initial predictions z̃1:k (see Section 2.2.8) as well as the object queries o1:k (see Section
2.2.7) produced by a selection mechanism (see Section 2.2.8), to a decoder to predict
the object positions x̂1:k

T and existence probability p1:k at the time step T .

2.2.6 Preprocessing
Data prepossessing is a process in the machine learning task of preparing the raw
data in a format such that it is suitable for the network. In training MT3, three
prepossessing methods are applied. First, each zi of z1:n is normalized to be within
[0, 1] according to the given FoVs information. Next, each measurement vector zi is
projected linearly into a higher dimensional vector z′. Lastly, the time step indices
are used to generate the positional encodings. It is done by implementing a learnable
temporal encoder, which maps the time step index j ∈ {1, ..., t} to its embedding
vector ϵj, which will then serve as the positional encodings.

2.2.7 Object queries
The authors of MT3 made use of a collection of random initialized learnable posi-
tional encodings Q ∈ Rnq×nm , called object queries [30], as the input to the MT3
decoder to make its predictions. Here, nq is the number of object queries, and nm

is a model parameter, commonly chosen to be 256. At each decoder layer, object
queries are refined and acquire useful knowledge from the encoder output during
training [2]. Further, the authors in [30] claim that the model tends to reuse a given
object query to predict objects in a given area.

2.2.8 The Selection mechanism and the iterative refinement
The MT3 has two processes to improve its performance: the selection mechanism
and the iterative refinement of the state. For the selection mechanism, we start
with the measurements z1:n, and among all these measurements, nq of them are
selected as the starting points, which the decoder will use later. Concretely, given
the embedding sequence e1:n, a score mi is computed for each embedding ei by :

mi = softmax(FFN(ei)), i ∈ {1, . . . , n}. (2.43)
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We then sort the scores m1:n in the descending order:

mr1 ≥ mr2 ≥ · · · ≥ mri
≥ · · · ≥ mrn−1 ≥ mrn , (2.44)

where ri ∈ {1, . . . , n} is the associated index with score mri
after sorting. Next,

We pick nq measurements zr1:rnq according to the first nq highest scores mr1:rnq
and

their corresponding indexes r1 : rnq by the above inequality (2.44).

For more flexibility, an adjustment δri
is calculated by δri

= FFN(eri) and added
with the selected measurement zri

to produce the initial measurements z̃ri for the
decoder:

z̃ri = zri + δri . (2.45)

The object queries o1:nq as well as decoder positional encodings ϵ1:nq can be obtained
by passing er1:rnq to two different FFNs. Instead of predicting the estimates directly,
we use the initial measurements z̃r1:rnQ obtained by the above selection mechanism
and treat them as the initial estimates. We then keep refining them with additional
adjustments, and this process is called iterative refinement of state. Concretely, at
each decoder layer l (assuming there are L layers in total), we feed the outputs from
the last layer to an FFN to predict an offset ∆i,l, and we sum all the offsets with
the initial estimates to produce the estimates:

x̂i,L
T = z̃i +

L∑
l=1

∆i,l. (2.46)

One should note that only the states (positions) here are iteratively refined while
the existence probabilities at decoder layer l, however, are directly computed by
passing x̂i,l

T to an FFN:
pi,l = FFN(x̂i,l

T ), (2.47)

where x̂i,l
T is the output of decoder layer l.

2.2.9 Loss function

The MT3 utilizes a set prediction loss similar to [30], where it first seeks an optimal
permutation of the estimates (MT3 output) such that the estimates and targets
are matched in the principle of the lowest matching loss and then optimizes object-
specific losses. To illustrate, in Figure 2.5, 5 objects together with their indices
are shown in the circle, and the same number of estimates are shown in triangular.
The numbers are their associated indexes. Assume the arrows indicate the correct
matching, and a permutation of the estimates is performed so that the objects and
estimates can be grouped as pairs as shown in Figure 2.5. For example, we can
compute the L2− norm based on the associated object-estimate pairs.
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Figure 2.5: An example of matching. We have five objects (shown in circles) and
five estimates (shown in triangular). The numbers within them are indexes. The
arrows indicate the real matchings. We search for an optimal permutation (1,3,4,5,2
shown in this example) with the lowest costs.

When performing the matching in practice, we may assume the same number of
estimates and ground truth since MT3 infers a fixed number of nq estimates ( nq is
the number of object queries, see Section 2.2.7), which is typically more than the
number of ground truth. Therefore, if the estimates at time T in layer l are:

ϖ1:nq ,l = (x̂1,l
T , · · · , x̂

nq ,l
T ) (2.48)

and the ground-truth object states are:

ϱ1:|XT | = (x1
T , · · · , x

|XT|
T ), (2.49)

we first pad the ground-truth ϱ1:|XT | with ∅ to increase its cardinality to nq (such
that both the estimates and objects now have the same number of elements). Next,
we search for a permutation σl

∗ that gives the minimum matching cost:

σl
∗ = arg min

n∑
i=1

qΦ(ϖi,l, ϱσ(i)), (2.50)

where σ is defined the same way as (2.39) in Section 2.1.9 and Φ(·) is the matching
loss, defined as [3]:

Φ(ϖi,l, ϱσ(i)) = 1ϖi,l=∅(∥x̂i,l
T − xi

T∥ − pi,l), (2.51)

and pi,l is the corresponding existence probability of estimate x̂i,l
T . Here, 1ϖi,l=∅ is

an indicator function of form
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1ϖi,l=∅ =

1, if ϖi,l = ∅
0, if |ϖi,l| > 0

. (2.52)

The optimal permutation is found by reformulating the problem as a 2D assign-
ment problem, which is solved by, e.g., Munkres Algorithm [27]. After the optimal
matching, the final loss for training is defined as [3]:

LT (ϖ1:nq ,1:M , ϱ1:nq) =
M∑
l=1

nq∑
i=1

Ψ(ϖi,l, ϱσl
∗(i)) (2.53)

where ϱ1:nq is the ground-truth after padding and Ψ is defined as [3]:

Ψ(ϖi,l, ϱj) = (1 − 1ϱj=∅)(∥x̂i,l
T − xi

T∥ − log(pi,l)) − log(1 − pi,l)1ϱj=∅, (2.54)

where 1ϱj is similar to (2.52). As can be seen from equation (2.53), instead of just
using the outputs from the finial decoder layer to compute the loss, outputs from
all M decoder layers have made contributions, which has been shown to accelerate
learning [3, 17].

2.2.10 MT3v2
MT3v2 is a variant of MT3 and there are two major differences between them. First
of all, MT3 predicts the estimated positions of objects and their existence probabili-
ties, (x̂1:nq ,l

T , p1:nq ,l), at the current time T , while MT3v2 outputs estimated positions,
velocities, covariance matrices and existence probabilities at the current time T , de-
noted as β1:nq ,l = (µ1:nq ,l

T , Σ1:nq ,l
T , p1:nq ,l) (These are nq Bernoulli components which

can be regarded as parameters specifying a MB density (2.4) with Gaussian spatial
distributions).

Concretely, for i ∈ {1, · · · , nq}, the estimated states µi,l
T (positions and velocities)

are iteratively refined according to equation 2.46:

µi,l
T = µi,0

T +
M∑
l=1

∆i,l (2.55)

through M decoder layers. Moreover, existence probability pi,l is computed by
feeding µi,l

T to an FFN, then passing the result to a sigmoid layer. The covariance
matrix Σi,l

T is a diagonal matrix, and computed by the following equation [17]:

Σi,l
T = 𭟋(κ(FFN(µi,l

T ))), (2.56)

where κ is defined as
κ(x) = log(ex + 1), (2.57)

and 𭟋 is a function that maps a vector of Rn to a diagonal matrix of Rn×n (the
elements contained in that vector will be the entries along the matrix diagonal).
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The second difference is that the loss function of MT3v2 is based on the negative-
log likelihood (NLL) [31] (see Section 3.4.2). Concretely, given MT3v2 predictions
ϖ1:nq ,1:M = (β1:nq ,1, · · · , β1:nq ,M) of all decoder layers and the ground-truth object
states ϱ1:n = (x1, · · · , xn), we have the training loss:

LT (ϖ1:nq ,1:M , ϱ1:n) = −
M∑
l=1

log fMB,l(ϱ1:n), (2.58)

where fMB,l(·) is a multi-Bernoulli density of form (2.4) parameterized by β1:nq ,l,
l ∈ {1, · · · , M}. However, if all possible data associations of the ground-truth and
the MB components are included in the computation of the NLL loss (2.58), it would
become intractable, and approximation of the MB density log fMB,l(x1:m) is there-
fore needed [17]. Similar to MT3, we first pad the ground-truth ϱ1:n with ∅ to obtain
ϱ1:nq (such that the cardinality of MB components at layer l, β1:nq ,l, and that of the
ground-truth are the same), followed by matching the ground-truth with the MB
components of the predictions. This is done by finding an optimal permutation of
the ground truth such that the ground truth and the MB components are matched
in the principle of the lowest matching loss, which is similar to what we have done
in constructing the loss function for MT3 (see Section 2.2.9).

The optimal permutation of the ground-truth σl
∗ is also considered the most likely

way of associating the ground-truth with MB components at decoder layer l, which
is defined the same way in (2.39). The MB density log fMB,l(ϱ1:n) can now be
approximated by

log fMB,l(ϱ1:n) ≈
n∑

i=1
log φi,l(ϱσl

∗(i))), (2.59)

where φi,l(·) in (2.59) is given by:

φi,l(ϱj) = 1ϱj ̸=∅ log N (x̃j; µi,l, Σi,l)
pi,l

+ (1− 1ϱj ̸=∅) log(1− pi,l) (2.60)

and 1ϱj ̸=∅ is an indicator function such that

1ϱj ̸=∅ =

1, if ϱj ̸= ∅
0, otherwise

. (2.61)

2.3 Mapping vectors to a higher dimension
In this section, we introduce a function γ that maps a real number p to a vector of
dimension 2L:

γ(p) = (sin(2πp0), cos(2πp0), · · · , sin(2πpL−1), cos(2πpL−1)) ∈ R2L, (2.62)
This function was used in [32] to increase the input vectors’ dimensions before
the neural network uses them and prevents the network from being biased toward
learning low-frequency functions [33]. The state representation γ will serve as a
comparison in the later experiments.

23



2. Theory

24



3
Methods

3.1 Problem formulation

We consider a scenario with Ns sensors located in different positions with partially
overlapped FoVs. They work together to surveil an environment in which objects
move for 10 time steps starting from time step 1, where T = 10 is the current time.
The multi-object dynamic and measurement models follow the models described in
Section 2.1.3 with nearly constant velocity motion model and linear Gaussian mea-
surement model. Further, we denote xT as the collection of object states at T . For
each sensor in the scene, it collects and processes the measurements using a TPMB
filter (see Section 2.1.8) to track moving objects in its FoV. Concretely, the set of
measurements collected by sensor i for all objects that have been presented in its FoV
from time 1 to T is denoted by zi, which is then fed to a TPMB filter, outputting a
set of trajectory estimates up to the current time, denoted as Ei

T , i ∈ {1, · · · , Ns}.

For each Ei
T , i ∈ {1, · · · , Ns}, it contains the following information:

• Total number of trajectory estimates: N i
trajectory.

• The existence probability of the trajectory estimate j: pj,i
existence.

• The alive probability of trajectory estimate j at time T conditioned on exis-
tence: pj,i

alive.
• The start time of trajectory estimate j: tj,i

start.
• The length of trajectory estimate j: Li

j.
• The states and their covariance matrixes of trajectory estimate j:

{xj,i
t }

tj,i
start+Li

j−1
t=tj,i

start
∈ R4 and {Cj,i

t }
tj,i
start+Li

j−1
t=tj,i

start
∈ R4×4, (3.1)

where j ∈ {1, · · · , N i
trajectory}.

In this project, we use a sliding window approach [3] to estimate xT based on the
knowledge of sets of trajectory estimates {E1

T , · · · , ENs
T }. Concretely, we would like

to apply MOTTs to fuse the trajectory estimates {E1
T , · · · , ENs

T } extracted from
different TPMB filtering densities at different sensors to obtain parameters that
describe the density representation of xT .
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3.2 Data Generation
We show how data MOTTs will use is generated. This includes generating object
trajectories, measurements, and trajectory estimates. Further, we introduce how
trajectory estimates are prepossessed such that they can be fed into MOTTs.

3.2.1 Object trajectories generation
This thesis considers object moves in a scene for 10-time steps. Initially, we assume
there are ninitial objects in the scene and sample newborn objects from the Poisson
distribution :

nbirth ∼ Poisson(λbirth), (3.2)

where λbirth is the Poisson birth rate. Next, each of these ninitial + nbirth objects is
initialized with a state vector xi

1 ∈ R4 by sampling from:

xi
1 ∼ N (µbirth, σ2

birth), (3.3)

where the mean µbirth ∈ R4 and covariance σ2
birth ∈ R4×4 are hyper-parameters spec-

ified in Section A.1; 1 indexes the time step 1 and i ∈ {1, · · · , ninitial + nbirth}. In
addition, we have xi

1 = [pi
1, vi

1], where pi
1 represents the 2D position and vi

1 represent
the 2D velocity. If any sampled state is not inside the sensors’ FoVs, it is removed.
The object birth process (3.2) and its initialization (3.3) is repeated for all time steps.

Assuming we are at time step t ∈ {1, · · · , 10} with the above processes have been
performed. Given an object state vector xt (xi

t is not used here since the object
may be newborn and does not belong to any existing object in the scene), a number
rsurvival is sampled according to:

rsurvival ∼ Uniform([0, 1]), (3.4)

and if rsurvival > P S, the object will not be further processed in the remaining time
steps; otherwise we update the object state for time step t + 1 according to the
nearly constant velocity motion model:

xt+1 ∼ N (Fxt, Q) ∈ R4. (3.5)

Here, F ∈ R4×4 and Q ∈ R4×4 are defined as

F =
[
I2 I2∆t

0 I2

]
, (3.6)

Q = σ2
q

I2
∆3

t

3 I2
∆3

t

3
I2

∆2
t

2 I2

 , (3.7)

where ∆t is the scanning time interval, I2 is a 2D identity matrix, and we denote
σ2

q as the variance of the motion noise. The updated state xt+1 will be kept after
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checking it is inside the sensors’ FOV.

Repeating the above process for that object for the remaining time steps, and collect-
ing all the states results in a single set of trajectory for that object: X = {xj}T ′

j=t,
where T ′ ≤ 10 and t ∈ {1, · · · , 10}. Further, after repeating the above progress
for all time steps and all objects, we obtain a set of object trajectories, denoted as
X = {X1, · · · , X l}, where l is the number of trajectories in X and there are l objects
in the scene. At last, we present the pseudocode for object trajectory generation in
Algorithm 1.

Algorithm 1 An algorithm for generating object trajectory
Start with ninitial objects and create ninitial empty sets to store trajectories created
by these objects.

for t← 1 to 10 do
Generate nbirth new born objects using (3.2) and create nbirth empty sets to
store trajectories created by these new objects.

Initialize new born objects using (3.3).

for each object do
if object is inside FoV and is going to survive then

Update object state according to (3.5).
if updated object state is inside FoV then

Append updated object state to the set.
else

Move to the next iteration and the object will not be considered in
the remaining interations.

end if
else

Move to the next iteration and the object will not be considered in the
remaining interations.

end if
end for

end for

3.2.2 Measurements generation
This section introduces how the measurements are generated for a single sensor and
applied to all other sensors. For X ∈ X, we generate measurement for every x ∈ X
with probability pD(x). Concretely, a number rdetection is sampled according to:

rdetect ∼ Uniform([0, 1]), (3.8)

and if rsurvival ≤ P D(x), a measurement z is generated for x according to the mea-
surement model
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z ∼ N (Hx; R) (3.9)
with H and R defined as

H =
[
1 0 0 0
0 1 0 0

]
, (3.10)

R = σ2
zI2, (3.11)

where σ2
z is the variance of the measurement noise.

Clutter measurements are generated independently from the above object mea-
surements generation, and they are sampled from a PPP at each time step t ∈
{1, · · · , 10}. Firstly, the number of clutter measurements at t is determined by:

nclutter
t ∼ Poisson(λclutter), (3.12)

where λclutter is the clutter rate. Next, we uniformly generate nclutter
t clutter mea-

surements using the area of FoV:

zclutter,i
t ∼ Uniform(FoV). (3.13)

Algorithm 2 An algorithm for generating measurements for each sensor
Assume there are Ns sensors and ntrajectory object trajectories generated using
Algorithm 1, we create Ns empty sets to store measurements for sensors.

for sensor from 1 to Ns do
for trajectory from 1 to ntrajectory do

for each state in this trajectory do
if object is inside the sensor FoV and detected then

Generate one measurement according to (3.9).
Append the measurement to the measurement set of the
corresponding sensor.

end if
end for

end for
for t← 1 to 10 do

Generate the number of clutter nclutter according to (3.12).
Generate nclutter clutter measurements with the sensor’s FoV according to
(3.13).
Append the clutter measurements to the measurement set of the
corresponding sensor.

end for
end for

where i ∈ {1, · · · , nclutter
t }. We then collect these clutter measurements into

zclutter
t = {zclutter,1

t , · · · , z
clutter,nt

clutter
t }. (3.14)
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Along with the objects generated measurements at t, zobject
t , measurements at t is

given by

zt = zclutter
t

⋃
zobject

t . (3.15)

After repeating the above process for all time steps, what we obtain is a sequence
of T sets of measurements

(z1, · · · , zT ). (3.16)

The pseudocode of the measurement generation for each sensor is given in Algorithm
2.

3.2.3 Filtering and dataset construction

Figure 3.1: The MASK function selects the elements in the upper-triangular area
of a square matrix and rearranges the selected elements into a vector. The number
in the figure indicates the order of the rearrangement.
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Explained in Section 3.1, the TPMB filter inputs measurements and outputs a set
of trajectory estimates. The implementation of the tracking algorithm 1 for each
sensor is considered outside the scope of this thesis and is therefore left out.

Also, in Section 3.1, we have introduced the components and information contained
in the set of trajectory estimates. However, they can not be directly used by the
Transformer as it only accepts a sequence of vectors or scalars as input. To solve
this issue, we show how to transform Ns sets of trajectory estimates {E1

T , · · · , ENs
T }

to a sequence of vectors. In addition, the information contained in each set of
trajectory estimates follows the same pattern and notations described in Section
3.1. Specifically, we use a mask function:

MASK : W ∈ R4×4 → w ∈ R10, (3.17)

which selects the entries along and above the main diagonal of a matrix W ∈ R4×4

(shown in Figure 3.1) and then arrange them to a vector w ∈ R10. The detail im-
plementation is given in Algorithm 3.

Algorithm 3 Transforming sets of trajectory estimates to a sequence of vectors
Initialize a cell of cells: Υ = (Υ1, · · · , ΥT ), where each cell Υn, n ∈ {1, · · · , T}
can store the transformed vectors. Accessing a specific cell t is denoted by Υt.

for n← 1 to Ns do
Get the number of trajectories Nn

trajectory.
for j ← 1 to Nn

trajectory do
Get the existence probability: pj,n

existence.
Get the alive probability: pj,n

alive.
for t← tj,n

start to Ln
j + tj,n

start − 1 do
Get the states: xj,n

t .
Get the covariance: Cj,n

t .
Apply the MASK function : MASK(Cj,n

t ) = wj,n
t . ▷ (1)

Append vector [xj,n
t ; wj,n

t ; pj,n
existence × pj,n

alive; t; j; n] to Υt. ▷ (2)
end for

end for
end for
for t← 1 to T do

Randomly permute the vectors in Υt.
end for
Concatenate all the vectors in Υ to formulate a sequence of vectors {d′}l

1, where
l is the length of the object and l = ∑Ns

n=1
∑Nn

trajectory
j=1 Ln

j .

The principle of Algorithm 3 is by formulating estimated states (and their accom-
panying information) into vectors and grouping them according to the time steps

1The MATLAB implementation in
https://github.com/Agarciafernandez/MTT/tree/master/TPMBM%20filter is used
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{1, · · · , T}. In (1), applying the MASK function also reduce the training data size.
This is because the covariance matrixes are is positive-symmetric-definite, such that
wj,n

t has captured sufficient information of Cj,n
t . Inspired by [34] and [3], in (2) we

denote d′ = [d; t; j; n] = [x; w; p′; t; j; n] ∈ R18 (indexes omitted for simplification),
where

d = [x; w; p′] ∈ R15, p′ = pexistence × palive, (3.18)

and t, j, n ∈ R are time step, the trajectory ID and the sensor ID, respectively.
We further refer vector [w; p′] ∈ R11 as uncertainty and study how it influence the
model’s performance in Section 4.2.

3.3 Transformer models
This section explains our adaptation of MT3 and MT3v2 to the decentralized MOT
problem. First, we introduce an optional state representation technique. Subse-
quently, we will present how the training data is encoded. In the coming sections,
MT3 and MT3v2 input a sequence of vectors obtained from Algorithm 3 and out-
put a prediction set ϖ. Although the information contained in the prediction set of
MT3 is different from that of MT3v2 (see Section 2.2.5 and 2.2.10 for the output of
MT3 and MT3v2), the definition of the input remains the same.

3.3.1 State representation
In MT3 and MT3v2, each vector d (3.18) of the vector d′ of the input sequences is
independently transformed to a higher dimensional source vector usource through a
linear projection before passing them to the network:

P : d ∈ R15 → usource ∈ Rdmodel , (3.19)

where dmodel is a hyper-parameter and set to be 256. It is claimed in [2] that
increasing the input vectors’ dimensions allows the transformer-based model to store
more complex representations. In addition, we introduce another way of performing
state representation:

γ : d ∈ R15 → utemp ∈ R30L, P : utemp ∈ R30L → usource ∈ Rdmodel . (3.20)

Here, we first map each vector to dimension R30L using the function γ introduced
in Section 2.3 and then apply projection P . Besides increasing the capability
of complex representation, applying function γ in the network prevents the deep
network from being biased towards learning low-frequency functions [33]. The state
representation γ will serve as a comparison in the experiments in Section 4.2.

3.3.2 Input embedding and positional encoding
In this section, we introduce how we manage the input sequence obtained by Algo-
rithm 3, which is denoted as {d′}l

1. Explained in Section 2.2.4, the positional encod-
ing is vital in the development of Transformer, which is also true for the MOTTs.

31



3. Methods

We define three temporal encoders [2] : ϕTime : R→ Rdmodel , ϕTrajectory : R→ Rdmodel

and ϕSensor : R → Rdmodel , and use them to encode the time step (t), the trajectory
ID (j) and the sensor ID (n), contained in each d′ respectively. The outputs from
these encoders are added together to be the positional encoding for the associated
vector d of d′ (see (3.18), d contains the remaining elements of d′ after t, j, n have
been used for producing the positional encodings):

u′
source = usource + ϕTime(t) + ϕTrajectory(j) + ϕSensor(n) ∈ Rdmodel , (3.21)

where usource is obtained by 3.19. The sequence {u′
i,source}l

1 is then fed to the MOTTs’
encoders to generate an embedding.

3.4 Evaluation
In our development, we utilise the the generalized optimal sub-pattern assignment
(GOSPA) [35] as well as the NLL [31] as our performance measure. Especially,
GOSPA is applied to the SOTA method, MT3, and MT3v2, while NLL is applied to
the SOTA method based on the model-based fusion method introduced in Section
2.1.9, and MT3v2. During the evaluation, the SOTA method is given an advantage
as they can access the correct models.

Different fusion methods can have different outputs. The output of the MT3 con-
tains only the predicted object 2D positions and their corresponding existence prob-
abilities. In contrast, MT3v2 and the SOTA method outputs the PMB density 2

(see Section 2.2.10), where each Bernoulli component contains estimated positions,
velocities, covariance matrix, and existence probabilities. Unlike the NLL metric,
which uses the entire PMB density, the GOSPA metric only uses the valid predicted
states, which refer to states with associated existence probabilities higher than a
certain threshold. Concretely, let ϖMT3

valid be set of MT3 predicted positions, ϖMT3v2
valid

be the set of MT3v2 predicted states (the states are made up of 2D positions and
velocities), and ϖSOTA

valid be the set of SOTA predicted states (the states are made
up of 2D positions and velocities), the valid predicted states for these models are
formulate as:

ϖMT3
valid = {x̃i|x̃i ∈ϖMT3, pMT3

i > pMOTTs
threshold} (3.22)

ϖMT3v2
valid = {x̃i|x̃i ∈ϖMT3v2, pMT3v2

i > pMOTTs
threshold} (3.23)

ϖSOTA
valid = {x̃i|x̃i ∈ϖSOTA, pSOTA

i > pSOTA
threshold} (3.24)

respectively, where pMOTTs
threshold and pSOTA

threshold are hyperparameters of the architecture,
set to be 0.75 and 0.5. Now, the sets of valid predictions and the ground truth can
be used by the GOSPA metric. Note that if the SOTA method is compared with
MT3, then it means that we are only interested in comparing 2D positions. The set
ϱ should only contain 2D position vectors.

2The PPP component for MT3v2 is added in the same way in [17]
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3.4.1 Generalized Optimal Sub-Pattern Assignment
We denote ϱ = {x1, · · · , xk} as the set of ground-truth and ϖ = {x̃1, · · · , x̃l}
as the set of estimations, then GOSPA searches for an optimal assignment A be-
tween {1, · · · , |ϱ|} and {1, · · · , |ϖ|} over all possible assignment sets Γ, where
A ∈ {1, · · · , |ϱ|} × {1, · · · , |ϖ|}, such that the distance between these two sets :

d(c,α)
p (ϖ, ϱ) =

min
A∈Γ

∑
(i,j)∈A

d(ϖi, ϱj)p + cp

α
(|ϱ|+ |ϖ| − 2|A|)

 1
p

, (3.25)

is minimized. Each element in {1, · · · , |ϖ|} (or in {1, · · · , |ϱ|}) can not be assigned
more than once. The scalar p controls the level at which the outlier is penalized.
The parameter c, along with α, affects the maximum allowable localization error and
error caused by cardinality mismatch. The distance d(xi, x̃j)p is typically chosen to
be the L2-norm between xi and x̃j. Additionally, the GOSPA scores can be divided
into three parts:

• The localization errors: ∑
(i,j)∈A d(ϖi, ϱj)p.

• The false detection errors: cp

α
(|ϖ| − |A|).

• The miss detection errors: cp

α
(|ϱ| − |A|).

The number cp/α is the cost for every missed or false target left unassigned.

3.4.2 Negative Log-Likelihood
The NLL is an uncertainty-aware performance measure that evaluates how well the
MOT posteriors explain the ground-truth [31]. Compared to GOSPA, NLL considers
uncertainty information, and no hyper-parameter is needed. Let fM be the posterior
density of the estimates from the MOT algorithm M. The NLL is defined as:

NLL(ϱ, fM) = log fM(ϱ) (3.26)

For different MOT algorithms, the NLL is computed differently. In this thesis,
we focus on NLL for PMB posterior densities. Since directly computing NLL for
PMB densities is computationally expensive [17], we use the algorithm in [31] as an
approximation:

NLL(ϱ, fP MB) ≈ min
A∈Γ

∑
(i,j)∈A

− log(ripi(ϱj))−
∑

i∈F(A)
log(1− pi)

+
∫

λ(ϱ′)dϱ′ −
∑

i∈M(A)
log λ(ϱj). (3.27)

We explains the symbols in (3.27) as follow:
• λ is the PPP intensity function of the predicted PMB density fP MB.

• ri and pi specifies the i-th Bernoulli components (see (2.3)) of fP MB.

• A and Γ are defined the same way in GOSPA (see Section 3.4.1).
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• Set M(A) contains the indices of the ground-truch that are not assigned to
any element in ϖ.

• Set F(A) contains the indices of the components estimates that are not as-
signed to any element in ϱ.

Similar to GOSPA, the NLL errors above can also be divided into three parts:
• The localization errors: ∑

(i,j)∈A− log(ripi(xj)).
• The false detection errors: −∑

i∈F(A) log(1− pi).
• The miss detection errors:

∫
λ(x′)dx′ −∑

i∈M(A) log λ(xj).

3.5 Training and implementation detail
The data generator is programmed in MATLAB, and the other components are
developed in PyTorch. We collect 100k groups of data for training and 25000 for
validation for each task, where each group contains 32 batches of sets of trajectories
(batch size: 32). For evaluation, we use a test set containing 1000 groups of data
and change the batch size to 1. Additionally, we use different seeds when collecting
different groups of data (one seed for one group).

For training, we train the MOTTs for a certain number of epochs (2 and 4 epochs in
our simulations, meaning 200k gradient steps and 400k gradient steps, respectively).
Whenever the training of an epoch is finished, we shuffle the data and send it back
to the MOTTs. In addition, we set an ADAM optimizer with 0.00005 to be the ini-
tial learning rate and the reduce-learning-rate patience to be 50000 gradient steps.
The learning rate will decrease by 1/4 if the total training losses do not decrease for
50000 gradient steps. Further, we use NVIDIA A40 GPUs to train MOTTs.

In evaluation, we choose c = 2, p = 1 and α = 2 for computing GOSPA in all tasks.
In addition, we use the same model configurations for MT3 and MT3v2 in there
original papers [3, 17].
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In this chapter, MOTTs are tested for different tasks in different scenarios, and their
performances are compared to the results obtained from the SOTA via GOSPA and
NLL. The simulations contain two different scenarios where sensors are placed dif-
ferently. We will start by introducing our experiential setting and then present the
results. Lastly, the attention maps of sampled input are shown to give an insight
into the working mechanism of transformers.

4.1 Simulation settings

Figure 4.1: An illustration of scenarios 1 and 2. Each scenario has three sensors,
and each sensor has a fan-shaped FoV with a bearing size of 2/(3π) and a radius of
20m.

The simulations are mainly conducted in two different scenarios, shown in Figure
4.1. In each scenario, there are three sensors, each of which has a fan-shaped FoV
with a bearing size of 2/(3π) and a radius of 20m. Furthermore, the overlapped
area of FOVs in scenario 2 is more significant than in scenario 1. In scenario 1,
objects may be observed by all three sensors or partially observed by some. Also,
the objects may move from a region with fewer overlapped FoVs to a region with
more overlapped FoVs, and vice versa.

For each scenario, we define three tasks where task 1 is a baseline of comparison
with the other two tasks. The parameters set for the different tasks can be found in
Appendix A. In task 2, we increase the noise level of the measurements by adjusting
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the noise covariance from 0.01I2 to 0.1I2 to investigate the effect of noise. In task 3,
we lower the estimation existence threshold from 0.5 to 0.001 in local MOT filters,
allowing them to produce more trajectory estimates. All tasks are trained using the
same seed in PyTorch.

4.2 Results
We have summarised the results in Table 4.1-4.4 in Section 4.2.1 and Section 4.2.2.
They are GOSPA errors and NLL, as well as their decompositions for tasks in
different scenarios when using different algorithms (or models). Additionally, to
allow us to present the result more efficiently, we have introduced a term called
‘Factor’ in each of the tables, and we make the following statements to help our
reader to understand our experimental settings:

• The number of gradients: Whenever ‘200k’ or ‘400k’ is observed in Table 4.1-
4.4, ‘200k’ means the model of that particular experiment was trained for 200k
gradient steps and ‘400k’ was for 400 gradient steps.

• The uncertainty: If ‘▲’ is observed in Table 4.1-4.4 under the ‘Factor’ column,
it means that the uncertainty vector [w; p′] ∈ R11 is not included in the input
during training in that particular experiment. The model was trained for 400k
and the explanation of uncertainty [w; p′] ∈ R11 can be found in Section 3.2.3.

• State representation: If ‘γ ’ is observed in Table 4.1-4.4 under the ’Factor’ col-
umn, it means that the state representation function γ is applied in the model.
The model was trained for 200k, and the interpretation of the γ function can
be found in Section 2.3 and 3.3.1.

• If ‘♦’ is shown under the ‘Factor’ in Table 4.1-4.4, it means that the uncertainty
is included and the γ function is not used. We refer to such cases as our
baselines.

Further discussion of the results will be made in the next chapter.
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4.2.1 GOSPA scores and their decompositions

Task Model Factor Gradient Steps Avg Localization Missed False

1

SOTA 1.1232 0.11522 0.051 0.957
MT3 ♦ 200k 0.47645 0.28445 0.024 0.168
MT3 γ 200k 0.45286 0.27186 0.027 0.154
MT3 ♦ 400k 0.45883 0.26983 0.022 0.167
MT3 ▲ 400k 0.54033 0.27933 0.122 0.139

SOTA 1.6176 0.59555 0.058 0.964
MT3v2 ♦ 200k 1.58 1.022 0.056 0.502
MT3v2 γ 200k 1.465 0.91602 0.066 0.483
MT3v2 ♦ 400k 1.3729 0.95886 0.051 0.363
MT3v2 ▲ 400k 1.4451 0.94711 0.152 0.346

2

SOTA 1.4936 0.27257 0.024 1.197
MT3 ♦ 200k 0.8774 0.61044 0.074 0.193
MT3 γ 200k 0.90222 0.63222 0.081 0.189
MT3 ♦ 400k 0.84616 0.59516 0.068 0.183
MT3 ▲ 400k 1.0274 0.64436 0.145 0.238

SOTA 2.11 0.82101 0.058 1.231
MT3v2 ♦ 200k 2.077 1.492 0.167 0.418
MT3v2 γ 400k 2.061 1.514 0.153 0.394
MT3v2 ♦ 400k 2.0188 1.4918 0.149 0.378
MT3v2 ▲ 400k 2.1285 1.4755 0.205 0.448

3

SOTA 1.1232 0.11522 0.051 0.957
MT3 ♦ 200k 0.41005 0.26205 0.041 0.107
MT3 γ 200k 0.45418 0.29018 0.054 0.11
MT3 ♦ 400k 0.38915 0.27015 0.044 0.075
MT3 ▲ 400k 0.47281 0.27281 0.119 0.081

SOTA 1.6176 0.59555 0.058 0.964
MT3v2 ♦ 200k 1.4171 0.91207 0.064 0.441
MT3v2 γ 200k 1.4418 0.95276 0.049 0.44
MT3v2 ♦ 400k 1.3782 0.95317 0.057 0.368
MT3v2 ▲ 400k 1.5037 0.87866 0.142 0.483

Table 4.1: GOSPA scores as well as their decompositions for tasks in scenario 1.
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Task Model Factor Gradient Steps Avg Localization Missed False

1

SOTA 0.85965 0.12865 0.068 0.663
MT3 ♦ 200k 0.40225 0.25825 0.021 0.123
MT3 γ 200k 0.46228 0.30128 0.023 0.138
MT3 ♦ 400k 0.38083 0.24983 0.015 0.116
MT3 ▲ 400k 0.47715 0.25715 0.11 0.11

SOTA 1.4404 0.69338 0.076 0.671
MT3v2 ♦ 200k 2.0018 0.86779 0.068 1.066
MT3v2 γ 200k 1.5839 1.0059 0.07 0.508
MT3v2 ♦ 400k 1.413 1.04 0.031 0.342
MT3v2 ▲ 400k 1.4698 0.98879 0.13 0.351

2

SOTA 1.2323 0.34128 0.054 0.837
MT3 ♦ 200k 0.9539 0.6739 0.055 0.225
MT3 γ 200k 0.92822 0.71622 0.048 0.164
MT3 ♦ 400k 0.8323 0.6283 0.059 0.145
MT3 ▲ 400k 0.87065 0.59865 0.109 0.163

SOTA 2.0073 1.0283 0.098 0.881
MT3v2 ♦ 200k 2.0235 1.5175 0.167 0.399
MT3v2 γ 200k 2.0422 1.5032 0.143 0.396
MT3v2 ♦ 400k 1.9328 1.4708 0.154 0.308
MT3v2 ▲ 400k 2.1303 1.5073 0.236 0.387

3

SOTA 0.85965 0.12865 0.068 0.663
MT3 ♦ 200k 0.35883 0.27583 0.03 0.053
MT3 γ 200k 0.34285 0.27285 0.024 0.046
MT3 ♦ 400k 0.34137 0.27337 0.029 0.039
MT3 ▲ 400k 0.45746 0.27346 0.124 0.06

SOTA 1.4404 0.69338 0.076 0.671
MT3v2 ♦ 200k 1.4129 0.96292 0.068 0.382
MT3v2 γ 200k 1.7539 1.0049 0.073 0.676
MT3v2 ♦ 400k 1.3702 0.97619 0.052 0.342
MT3v2 ▲ 400k 1.4682 0.8762 0.132 0.46

Table 4.2: GOSPA scores as well as their decompositions for tasks in scenario 2.
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4.2.2 NLL scores and their decompositions

Task model Factor Gradient Steps Avg Localization Missed False

1

SOTA 12.207 11.7659 0.3199 0.1212
MT3v2 ♦ 200k 4.5409 3.632 0.5322 0.3768
MT3v2 γ 200k 4.9339 4.0376 0.4866 0.4098
MT3v2 ♦ 400k 1.1945 0.5716 0.3041 0.3189
MT3v2 ▲ 400k 3.6178 2.6219 0.3193 0.6766

2

SOTA 11.2766 10.8198 0.1018 0.3549
MT3v2 ♦ 200k 7.0909 6.3073 0.3193 0.4642
MT3v2 γ 200k 6.601 5.8943 0.3345 0.3721
MT3v2 ♦ 400k 6.1338 5.4745 0.2889 0.3703
MT3v2 ▲ 400k 7.8533 6.907 0.3401 0.6422

3

SOTA 12.207 11.7659 0.3199 0.1212
MT3v2 ♦ 200k 3.0852 2.3222 0.3041 0.4588
MT3v2 γ 200k 4.1651 3.3202 0.4258 0.4192
MT3v2 ♦ 400k 2.0797 1.4439 0.1977 0.4382
MT3v2 ▲ 400k 6.0556 4.837 0.441 0.7777

Table 4.3: NLL scores as well as their decompositions for tasks in scenario 1.

Task Model Factor Gradient Steps Avg Localization Missed False

1

SOTA 2.6947 2.1025 0.2525 0.3398
MT3v2 ♦ 200k 12.8988 11.2651 1.0642 0.5696
MT3v2 γ 200k 6.7315 5.8914 0.3497 0.4903
MT3v2 ♦ 400k 1.8329 1.1692 0.4105 0.2532
MT3v2 ▲ 400k 3.7876 2.9973 0.2129 0.5773

2

SOTA 7.2565 6.2315 0.0825 0.9424
MT3v2 ♦ 200k 5.5272 4.8636 0.2889 0.3747
MT3v2 γ 200k 6.8235 6.0969 0.3953 0.3312
MT3v2 ♦ 400k 4.552 3.8982 0.3649 0.2889
MT3v2 ▲ 400k 7.1988 6.3318 0.2585 0.6085

3

SOTA 2.6947 2.1025 0.2525 0.3398
MT3v2 ♦ 200k 4.1164 3.2912 0.2889 0.5363
MT3v2 γ 200k 8.4787 7.403 0.6082 0.4675
MT3v2 ♦ 400k 2.2081 1.5663 0.2737 0.3681
MT3v2 ▲ 400k 6.2747 5.0727 0.3953 0.8076

Table 4.4: NLL scores as well as their decompositions for tasks in scenario 2.

4.3 Sample plots
A sample plot from scenario 1 has been shown in Figure 4.2. To have a closer look
at the results, a selected region of Figure 4.2 have been plotted in Figure 4.3. In
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this sample, the MT3 has generated five predictions, where the predicted positions
are close to the objects’ true positions at the current time. In contrast, the SOTA
methods yield three predictions that can track but miss two objects. In addition,
the training and validation losses for training the model in this sample have been
plotted in Figure 4.4. It is observed that the losses drop quirky and reach 5 by the
gradient step 10k. The values of losses fluctuate with a small range for the remaining
gradients.

Figure 4.2: A sample plot from the test data set. The index is 77. The FoV,
trajectory estimates, SOTA predictions, model predictions, and objects are shown
in the figure. The black rectangular indicates a selected region, shown in Figure 4.3.

40



4. Simulations and Results

Figure 4.3: The selected region of the above Figure 4.2.

Figure 4.4: The training and validation losses for training MT3 in 200k gradient
steps for task 1 in scenario 1 with state representation. The learning rate reduces
from 0.0005 to 0.0000125 at gradient steps 94285 and 0.000003125 at gradient steps
193106.
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4.4 Attention maps

Figure 4.5: The figure is inspired by [2, 3]. The attention maps of 4 trajectories of
a selected sample are shown. The attention weights are shown in blue-filled circles.
The values of the weights determine their transparency: the more opaque a circle
is, the higher the attention weight is. Further, objects and MOTT’s predictions are
also plotted.

Given a sequence of input elements, the attention map is a sequence of scalars com-
puted by the attention mechanism, each of which shows the amount of attention
that the associated element paid to other individual elements [2].

To illustrate, the attention maps of 4 trajectories of a selected sample are shown in
Figure 4.5. The parameter setting for the scene is scenario 1, task 1, and the atten-
tion maps are obtained by passing a sequence of trajectory estimates to the MT3
model, which has been trained for 200k gradient steps with state representation.
Also, the attention maps are plotted with their trajectory estimates in blue-filled
circles, with the opacity indicating the value of the attention weights (the more
opaque a circle is, the higher the attention weight is). Additionally, for a straight-
forward plot, we omit some elements in the plot and keep those only shown in the
legend.
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As shown in Figure 4.5, when the model predicts a specific object, it mainly focuses
on the trajectory estimates from which that object originates, while other trajectory
estimates have relatively small attention weights. Moreover, trajectory estimates
from recent time steps receive greater attention than others. The pattern of the
attention maps here is very similar to the case where MT3 is applied for solving
single sensor MOT tasks [2].
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5
Discussion

Different results obtained from the last chapter will be further discussed here. Next,
we perform an ablation study, followed by a discussion of our method. Lastly, we
point out some future work.

5.1 Discussion of the main results
We mainly compare 400k-baselines and the SOTA method in section 4.2. Concretely,
we study how the results vary between models, tasks, and scenarios.

5.1.1 Results comparison between models
The MT3 predicts objects’ states (positions) and their corresponding existence prob-
abilities. The corresponding existence probabilities are only used to extract the pre-
dictions with the existence probabilities higher than a certain threshold. Together
with the object positions, these predictions are involved in the computations of the
GOSPA errors for the MT3. Although a similar process is performed when com-
puting the GOSPA errors for MT3v2, unlike MT3, the predicted states of MT3v2
contain not only the positions but also the velocities (the object states now also
involve velocities). As the dimension of objects and predicted states increases, the
average GOSPA errors of MT3v2 are higher than the average GOSPA errors of
MT3 in our simulations. Furthermore, the MOTTs’ 400k-baselines outperform the
SOTA method in all the tasks judging from the average GOSPA and NLL errors.
Inspecting the decompositions of GOSPA and NLL scores, the SOTA method has
the lowest GOSPA localization errors in all tasks, while the 400k-baselines achieve
the lowest NLL localization errors in all tasks. Lastly, the average false errors of the
400k-baselines are lower than that of the SOTA method in all tasks.

5.1.2 Results comparison between tasks and scenarios
Based on the results from Section 4.2, increasing the noise level in data generation
can deteriorate models’ performance. In each scenario, it is observed that MOTTs
achieve the highest GOSPA and NLL errors for task 2 among the other two tasks.
In task 3, the number of trajectory estimates is increased. With more information,
MT3 and MT3v2 achieve lower GOSPA errors than task 1. However, such a trend
is not observed in the NLL errors. Instead, the MT3v2 obtains the lowest average
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NLL errors in task 1. At last, it is worth noticing that increasing the number of
trajectory estimates does not affect the SOTA method’s performance in task 3, as
its GOSPA and NLL errors in task 3 are the same as those in task 1.

In addition, all the models, in general, perform better in scenario 2 than in scenario
1. We hypothesize that this is because the complexity of the data generated in the
first scenario is lower than its counterpart, as objects in scenario 1 may be partially
observed or move from a region with fewer overlapped FoVs to a region with more
overlapped FoVs, and vice versa.

5.2 Ablation Study

We study how increasing the number of gradient steps, including uncertainty dur-
ing training and applying state representation may affect the models’ performance.
Moreover, unless otherwise specified, in Section 5.2.1, only 200k-baselines and 400k-
baselines from Tables 4.1-4.4 are compared; in Section 5.2.1, only 400k-baselines and
cases with ‘♦’ from Tables 4.1-4.4 are compared; in Section 5.2.3, only 200k-baselines
and cases with ‘γ’ from Tables 4.1-4.4 are compared.

5.2.1 Gradient steps

In general, it is observed that MOTTs achieve lower GOSPA and NLL errors when
the number of gradient steps is increased from 200k to 400k, indicating an improve-
ment in the models’ performance. For the GOSPA metric, the MOTTs can achieve
the lowest GOSPA average errors among other results with different experimental
conditions besides the 400k-baseline of MT3 for task1 in scenario 1, with a slightly
higher GOSPA score than that for simulation using an MT3 model with state rep-
resentation trained for 200k gradient steps. In addition, increasing the number of
gradient steps can also improve most of the average decompositions errors of the
GOSPA and NLL.

5.2.2 Uncertainty

As seen from Section 4.2, including the uncertainty in the input improves the models’
performance, allowing them to achieve lower GOSPA and NLL errors. Additionally,
it is worth observing that almost all the decompositions of GOSPA and NLL, when
computed using models with uncertainty included during training, are better than
their counterparts. Based on the above observation, we hypothesize that including
uncertainty in the input allows models to gain more information about the input,
and the models can efficiently learn to use it, resulting in better performance.
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5.2.3 State representation
As is evident from section 4.2, the performance of the models varies between tasks
when γ is used. Inspecting the decompositions, applying γ does not explicitly in-
fluence a particular decomposition error. Since increasing the number of gradients
steps can lead to a more stable improvement, we hypothesize that including γ in
MT3 and MT3v2 might not be necessary.

5.3 Discussion of the method

In this thesis, we work on synthetic data, which reduces the modeling errors and
allows us to control the complexity of the data set easily [2]. However, it also raises
the question: can we apply the MOTTs in real-world scenarios for decentralized
MOT? An answer to this is to train the MOTTs directly on a dataset collected in
the real world. Such a dataset should contain trajectory estimates obtained from
different sensors. Unfortunately, to our knowledge, such a data set does not exist.
Also, training MOTTs typically requires a large amount of data, and many factors
can affect the size of the dataset, such as how many sensors are considered and
how many initial objects we assume at the beginning. Further, sensors such as
Li-DAR may produce more than one detection, resulting in MEOT problems. A
big challenge in constructing the MEOT dataset is that it would take much more
time than MPOT since MEOT methods can typically be much slower than POT
methods.

5.4 Future work

We discuss possible future work in this section.

5.4.1 Trajectory generation
So far, much attention has been paid to the tracking algorithm’s ability to predict
the states at the last step. We argue that in some cases, trajectory estimations
must be compared with the whole objects’ trajectories to answer trajectory-related
questions. During our experiments, we have tried to generate trajectories by feeding
trajectory estimates to MOTTs in a sliding window manner, but the result is not
ideal. One possible reason might be that the MOTTs are not good at learning
frame-by-frame data associations in decentralized content. One possible approach to
handle this might be combining the MOTTs with the Trackformer [15]. Concretely,
TrackFormer uses track queries [15] to achieve frame-to-frame data associations.
The track queries integrate spatial information of objects, and the Transformer
decoder adjusts the tracker queries between frames. The output embeddings are
used at each frame as track queries for the next frame, achieving frame-to-frame
data associations. By combining the MOTTs with the Trackformer, the detection
and tracking might be performed in a unified way.

47



5. Discussion

5.4.2 Moving sensors
In our thesis, the sensors’ locations are fixed, meaning their positions are known and
do not change with time. In practice, sensors are sometimes expected to move in
the scene to know the detection area better. It is interesting to add sensor motion
in future work, assuming that the sensor locations are known but time-varying. In
that case, more information may need to be encoded, e.g., sensor positions and their
poses.

5.4.3 Decentralized multiple extended object tracking
As mentioned, we focus on decentralized MOT for point objects, and if we want
to apply MOTTs based on real-world data, some problems may arise since it might
contain information for extended objects. A transformer-based model called STRAT
[2] already exists developed for solving single extended object tracking. Similar
to MOTTs, we believe that STRAT can also be applied to solving decentralized
extended object tracking with little adjustments, provided that a suitable data set
exists or can be simulated. This also requires the change of the input size and the
tracking method at each local sensor, which can be further studied in future work.
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Multi-object tracking involves the process of locating multiple objects using noisy
sensor measurements. MOT is widely used in many areas, including autonomous
cars, surveillance systems, and multi-agent systems. In a multi-sensor setting, mea-
surements from sensors located at different places are combined for improved ac-
curacy. However, limited communication capacity or processing power sometimes
makes it unfeasible to jointly collect and process detections from all sensors. One
way to deal with this problem is using decentralized Multi-object Tracking, where
object states (and possibly their densities) are estimated from local sensors and fused
to construct better estimation. In this thesis, we have investigated the possibility
of using deep-learning-based methods to realize decentralized multi-object tracking.
More specifically, we have modified and applied two novel transformer-based track-
ers to solve decentralized multi-object tracking tasks using synthetic data, namely,
MT3 and MT3v2. Further, given the sets of trajectory estimations from different
local trackers, we focused on estimating parameters that describe the object states
of the current time.

The models’ performance was compared in terms of GOSPA and NLL scores with
the SOTA Bayesian decentralized filters in simulated scenarios with different sensor
settings and parameters of local multi-object trackers. The evaluation results show
that MT3 and MT3v2 outperform SOTA judging from the average GOSPA and NLL
scores in our simulation settings. Further, we showed that including uncertainty
during training can improve the models’ performance. Finally, this thesis displays
the potential of using deep-learning-based methods for decentralized multi-object
tracking tasks and shows that the transformer-based trackers are highly competitive
compared with the SOTA trackers.
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A
Data generation

A.1 Motion and measurement model hyperpa-
rameters

Hyperparameter Explanation Value
Ns Number of sensors 3

T Time steps of simulation 10

∆t Sampling period 0.1s

λbirth Poisson birth rate 0.1

µv0 Gaussian mean to initialize new born target states [0;0;0;0]

σ2
v0 Gaussian covariance to initialize new born target states diag([10 10 5 5])

pS Survival probability 0.95

σ2
q Noise intensity of motion model 0.5

ninitial Number of initial targets 3

σ2
z Measurement noise intensity 0.01 for task 1, 3

0.1 for task 2

pD Detection probability 0.9

λclutter Poisson clutter intensity 0.0012

Table A.1: Summary of hyperparameters for the data generation
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A. Data generation

A.2 Local filter parameters

Variable Value
T_pruning 0.001

T_pruningPois 0.00001

Nhyp_max 100

gating_threshold 20

T_alive 0.0001

existence_estimation_threshold 0.5 for task 1,2/ 0.001 for task 3

Table A.2: Summary of TPMB filter parameters.

A.3 Scenario configuration

Scenario Cartesian sensor position Polar sensor position
1 ((5,−10), (−5,−10), (0, 17.5)) (−π

2 ,−π
2 , π

2 )
2 ((−0.5,−10), (0.5,−10), (0, 10)) (−π

2 ,−π
2 , π

2 )

Table A.3: Summary of sensor information.
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