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Abstract

Advanced Driver Assistance Systems (ADAS) utilizes multiple sensors to help drivers
deal with complicated traffic situations. In practice, we need multi-sensor algorithms
that can accurately estimate object states, such as positions and velocities, while
operating under a limited computational budget.

In this thesis, we propose a multi-sensor fusion algorithm using multi-Bernoulli den-
sities to obtain the fused multi-object densities and estimate the object trajectories.
The density of each object is estimated from the single object state fusion, such
as covariance intersection, safe fusion, etc. First, we perform data association to
associate the densities from different sensors that correspond to the same object.
Then, based on the most likely association, the multi-object fusion problem can be
decomposed into several single object state fusions. Once the fused multi-object
densities are obtained, object trajectories, if desired, can be constructed by back-
ward simulation without object label information. The efficacy of this work has been
validated using simulation data as well as real data collected by a Volvo testing truck.

The result shows that our proposed algorithm can accurately associate data in the
sense of fewer missed and false detections, achieve accurate multi-sensor multi-object
fusion, and the response time is also acceptable.

Keywords: Multi-object tracking, Data association, Sensor fusion, Trajectory esti-
mation.
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Below is the list of acronyms that have been used throughout this thesis listed in

alphabetical order:
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MAP
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Markov Chain Monte Carlo
Multi-Object Tracking

Negative Log-Likelihood

Possibility Density Function

Poison Multi-Bernoulli
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Poisson Points Process
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Nomenclature

Below is the nomenclature of indices, sets, parameters, and variables that have been
used throughout this thesis.

Indices

=2

Parameters

T O o

o

Qe

=

Indices for objects, trajectories, hypothesis and weight matrices
Indices for entries in the matrix

Time instance

Set of trajectories
Multi-trajectory density
Assignment between estimates and ground truth

Set of all possible assignments between estimates and ground truth

Dynamic matrix

Dynamic noise matrix

Measurement matrix

Measurement noise matrix

Maximum allowable localization error in GOSPA

Factor for the cardinality mismatching penalty in GOSPA
Factor for the outliers penalty in GOSPA

X1



Variables

x Object state

P Object state’s uncertainty

q Object dynamic noise

Y Measurement of object’s state

e Measurement noise

K Kalman gain

c,c’ Cost matrix for solving the 2D assignment problem
a Activator of each entry in cost matrix (can only be 1 or 0)
w Weight of the local hypothesis

r Existence probability of the local hypothesis

X Single object trajectory

P Single trajectory density of the local hypothesis

xii
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1

Introduction

This chapter provides an introduction to the thesis. Following that, the aim and
objective are stated to provide clarity on the specific problem that the thesis seeks
to address and the approach to be taken. Additionally, a review of related work
is conducted, discussing the strengths and weaknesses of existing approaches and
establishing the relevance of this thesis in relation to them. Furthermore, a compre-
hensive explanation of the limitations and scope of this thesis is provided. Lastly,
the final section offers an outline of the thesis, providing a structured overview of
its subsequent sections and content.

1.1 Background

Advanced Driver Assistance Systems (ADAS) is the technology that helps drivers
control and navigate their vehicles more safely and comfortably. ADAS uses sensors
such as cameras and radars to monitor the surroundings, detect hazards, and pro-
vide timely warnings or automated actions. ADAS features include adaptive cruise
control, lane departure warning, forward collision warning, and driver monitoring
systems. Within the mentioned strategies, the fusion of multi-object densities for
multi-object tracking (MOT) is the key technic.

The vehicle’s perceptual capabilities can be enhanced by using multiple sensors, en-
abling a more advanced perception system. In the fusion of multi-object densities,
two architectures are commonly employed: Centralized Fusion (CF) and Track-to-
Track Fusion (T2TF) [1]. CF architecture often faces computational limitations as
it necessitates the central processor to handle the processing of all raw data. In
contrast, T2TF architecture integrates track estimation, typically in the form of ob-
ject densities with ID information, obtained from processing the sensor’s detections
instead of directly incorporating raw detections [2].

In the fusion of multi-object densities, it is important to avoid double-counting
the information from different sensors. Additionally, effectively handling densities
originating from different fields of view (FoVs) poses a significant challenge. These
requirements give rise to a data association problem, which can be approached by
solving a 2D assignment problem. By finding the optimal assignment with the min-
imum total assignment cost, an object detected by one sensor can be mapped to
its corresponding object detected by another sensor. This assignment is commonly
referred to as a “fusion map” [3].
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According to the best fusion map, the assigned densities from different sensors can
be combined into a fused object density. Several widely employed methods for single-
object fusion exist, such as cross-covariance, covariance intersection, and covariance
union [4]. These methods facilitate the integration of information from different
sensors, resulting in a consolidated representation of the object.

In the context of MOT, it is insufficient to solely fuse the (unlabeled) object den-
sities within individual time instances. Estimating these objects’ trajectories over
a specific time interval is necessary. In single-sensor tracking scenarios, trajectories
are typically inferred based on object labels. However, this approach encounters
challenges when dealing with multiple sensors, as the same object may be assigned
different labels by different sensors, a problem commonly known as label mismatch.
To overcome this issue, it is crucial to develop a trajectory estimation method capa-
ble of handling sets of unlabeled multi-object densities. Our objective is to construct
a flexible and less restrictive fusion for the MOT problem.

1.2 Related Work

This section contains several widely-used methods related to data association and
multi-object densities fusion.

1.2.1 T2TF

T2TF has emerged as a promising approach for improving the robustness and ac-
curacy of multi-sensor MOT systems. T2TF techniques aim to fuse information
from multiple object tracks to enhance object association and tracking performance.
T2TF relies on the use of single-object fusion methods and several of them can be
implemented, e.g. covariance intersection [5] [6] [7], safe fusion [8] [9], arithmetic
average fusion [10] [11] and cross-covariance fusion [7] [12]. In [7], covariance inter-
section and cross-covariance fusion are compared. The simulation result shows that
the cross-covariance fusion returned the best fusion quality w.r.t. root mean square
error, and the runtime of the cross-covariance fusion is the lowest. In [9], the safe
fusion is compared to the covariance intersection, and the result shows that the safe
fusion obtains estimates with better consistency.

1.2.2 Data Association Techniques

Data association techniques play a crucial role in T2TF. Most data association prob-
lems are treated as 2D linear assignment problems, where the best assignment can
be found using, e.g. the Hungarian algorithm [13]. The main differences between
these assignment problems exist in the formation of the cost matrix. In addition, as
seen from [14], the association problem also contains information on object labels.
Moreover, some clustering methods can also be implemented for data association.
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These techniques all aim to associate the data using the information within single-
time instances.

Using historical information, the Multisensor Track-To-Track Association method
[15] associates tracks based on the concept of “historical distance”. The historical
distance between two tracks contains past estimates to make the track association
more reasonable. The algorithm clusters the tracks that correspond to the same
object by finding the minimal historical distance in an iterative fashion.

1.2.3 Deep Learning-based Approaches

Deep learning-based approaches have also been applied to T2TF in MOT [16]. These
methods leverage the power of deep neural networks to learn feature representations
and perform track fusion. In this survey [17], track associations are determined based
on similarity measures or distance metrics. Deep learning-based T2TF methods have
shown promising results in handling complex MOT scenarios and achieving state-
of-the-art performance. Aiming at the fusion of multiple trajectory densities using
deep learning, a transformer-based fusion method is introduced to output a set of
fused global object densities [18].

1.3 Aim

The aim of this thesis is to develop a fusion structure for multi-sensor multi-Bernoulli
densities and enable the tracking of multiple objects. The structure incorporates
techniques such as data association, single-object densities fusion, and object tra-
jectory estimation.

Firstly, the fusion structure needs to accurately and effectively estimate the densities
of multiple objects in the surrounding environment. These densities, describing the
moving objects within (different) sensor FoVs, are then fused together under the
correct data association. Secondly, we evaluate four single-object fusion methods
using appropriate evaluation metrics and select the most effective one for subsequent
trajectory estimation tasks. Finally, utilizing the fused multi-object densities, we
employ backward simulation to estimate the smoothed trajectories of the objects.

1.4 Scope and Limitations

This thesis is subject to certain constraints, which may affect the thesis’s outcomes.
Firstly, the raw data from the sensors is inaccessible, limiting the project in the do-
main of T2TF. Secondly, the trajectory estimation can only perform partially online.
To clarify, assuming at a time of interest in a time interval, trajectory estimation
requires that the fused multi-object densities in this time interval are all accessible.
Moreover, only moving objects are considered when processing the sensor and refer-
ence data, while stationary objects are excluded through pre-processing. Addition-
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ally, the proposed structure operates under the assumption of time synchronization
of the sensor data, achieved during an inaccessible pre-processing step.

1.5 Thesis Outline

The remainder of the master thesis is structured in the following manner. Chapter
2 introduces the relevant theories employed in our thesis, including Bayesian esti-
mation theory, random finite set theory, etc. Chapter 3 details the methodologies
employed in our fusion structure, encompassing the pre-processing step, data associ-
ation methods, single-object fusion techniques, trajectory estimation methods, and
evaluation methods. Chapter 4 outlines the simulation setups and evaluation results
under different scenarios. Chapter 5 presents the results obtained from real-world
reference data. Subsequently, Chapter 6 discusses the result of the simulation and
real-world testing. Finally, Chapter 7 presents the conclusion.



2

Theory

This chapter presents the background theory, including the state space representa-
tion, Bayesian estimation and object density representation related to MOT algo-
rithms.

2.1 State Space Modelling

State space representation is a mathematical modelling technique used in control
theory, physics, engineering, and many other fields to describe the behaviour of a
system over time. In this thesis, the object’s behaviour is represented by a state
vector that describes the object’s current state and how this object evolves over
time.

2.1.1 Object State Representation

In this thesis, we would like to estimate multiple objects’ positions and velocities in
two dimensions under Cartesian coordinates. Therefore, we write the state x; of an
object at time k and represent it as a vector with an uncertainty matrix in the form
of Gaussian,

= || P = diag(|ox 0s o, oy)), (2.1)

e KK

where p represents the mean of this state density, and P represents its uncertainty.
In addition, we denote the set of objects existing at time k as xy.

2.1.2 Motion Model

Given a state of an object at time instance k, the object state at the next time
instance k£ + 1 can be predicted by using a motion model. In general, this motion
model can be represented as an affine function.

Tpy1 = f (l’k, Uk, Qk) ) (2-2)

where f is the dynamic function, uy is the control input at time k, and ¢ represents
the noise input.
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For linear and Gaussian motion models, (2.2) can be represented in the matrix form
Trr = Apty + Brug + @y, g ~ N (0,Qy), (2.3)

where Ay is the dynamic matrix at time k, By is the input matrix and @)y denotes
the noise matrix.

2.1.3 Measurement Model

A measurement model is a representation of the state of the system being observed,
which is used to estimate the state of the system based on the sensor measurements
obtained from the environment. The equation for the measurement model at time
k is generally given as

Ye = h (zy, ex) (2.4)
where h represents the function that transforms the states into measurements, and
er represents the measurement noise.

Under the assumption of linearity and Gaussian distribution, the matrix represen-
tation of the measurement process is,

yr = Hay + e, e, ~N(0,Ry), (2.5)

where H is the measurement matrix, which maps the object state space into the
measurement space, and Ry is the measurement noise matrix.

2.2 Bayesian Estimation

In object tracking, Bayesian estimation is a common approach used to estimate the
state of a moving object based on noisy sensor measurements. To apply Bayesian
estimation in MOT, the probabilistic models of the object’s motion should be first
developed, i.e. the motion and measurement densities aforementioned in Subsec-
tions 2.1.2 and 2.1.3. It is assumed that we have a prior distribution over the object
state, which captures the knowledge about its probable location and motion before
observing the new measurements. As new measurements come in, the object’s prior
distribution will be updated using Bayes’ rule. This results in a posterior distribu-
tion that describes the updated probability of the object’s state incorporating the
measurement information. This posterior updating process can be represented as a
Bayesian network.

In Figure 2.1, we make two assumptions. First, the current state at time £ is only
dependent on the previous state at time £ — 1. That is, the object moves according
to a Markov process. Second, the current measurement is only dependent on the
current state. Therefore, p (vg|r1.5-1) and p (yx|z1.1) can be, respectively, simplified
as
p(zplz1m-1) = p (wp]z-1) (2.6)
and
P (Yelz1k) = p (yulzw) - (2.7)
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Motion process

) ) ) )
IR

Measurement process

Figure 2.1: A Bayesian network with motion and measurement processes that are
conditionally dependent.

prediction

Time interval of interest

Figure 2.2: Relationship between state’s prediction, update, and smoothing in
time sequence.

2.2.1 Prediction, Update, and Smoothing

The Bayes filter recursively computes the object filtering density by performing
prediction and update. After obtaining all the object filtering estimates in a given
time interval, Bayesian smoothing is a tool that uses the motion model to further
improve the accuracy of object state estimation at earlier time steps. Figure 2.2
shows the time relation diagram on prediction, update, and smoothing.

In the prediction step, the object state is predicted given the previous posterior
density p (xx_1|y1.6—1) at time k& — 1 using the Chapman-Kolmogorov equation. The
explicit expression is

P (2k|y1:p-1) = /p(xk:—laxk‘yl:k—l)dxk—l
= /P($k|$k—1, Y1:k—1) D (Th—1|Y1:k—1) dTp—1
= /p($k|95k—1)p(90k—1|y1;k—1)dxk—l, (2.8)

where p (xy|z,_1) describes the motion model (2.3).
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After prediction, the object state is updated with the measurement y; received at
time £ using the Bayes rule. The measurement update equation is

p ($k|y1;k) =P («Tk|ykaylzk—1)
_ p («Tk|ykaylzk—1)

T e 2.9

» (Yrlyr—1) P (2efyr-1) (29)
xXp (yk|$k, yl:k;—l) b ($k|y1;k—1)

= p (yrloe) p (Txlyre-1) (2.10)

where p (yx|zx) is the measurement likelihood parameterized by (2.6), p (yk|y1.6—1)
is the normalizing constant, and p (zx|y1.,—1) is the predicted density obtained from
(2.8).

After performing recursive predicting and updating using all the measurements in
the time interval 1 : T, smoothing seeks to find the density p (zg|y1.r) at time k
where k£ < T — 1. Some common approaches for smoothing are RT'S smoothing,
two-filter smoothing and backward simulation. In this thesis, we perform backward
simulation by recursively drawing samples from the backward kernel. From the
Markov property, given x;.1, x) is independent from the measurement sequence
Yr+1.7- As a consequence, the backward smoothing kernel p(xg|zgi1,y1.7) can be
written as p(zx|Tri1, y1.x), which can be further expressed as

P (T, Trp |y1:k)
P (Ths1|Y1k)
_ P (Trr1|Tr, Yrx) P (Tk|Y1)
P (Trr1lyrr)
_ p(@psa|ew) p(2klyrn)
P (Tr41ly1:x) .

p (xk|$k+17 yl:k) =

(2.11)

2.2.2 Kalman Filter

Kalman filter (KF) provides the Bayesian optimal filtering solution for linear and
Gaussian models. In Kalman filtering, both the predicted and filtering densities are
Gaussian, parameterized by mean @ and covariance Py, where &' = k — 1 for
prediction and k' = k for update. The prediction step is given by

Zi‘k|]€,1 = Al’k_l, (212)

Py = AP AT + Q, (2.13)
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The update step is given as

Ty = Tifp—1 Ky vg, (2.14)
Py = Pyp—1 — KiSi KL, (2.15)
Ky = Pyp HE S}, (2.16)
Uk = Yp — HpZgjp—1, (2.17)
Sy = HyPyp—1H + Ry, (2.18)

where K, is the Kalman gain, v, is the innovation, and Sy, is the innovation covari-
ance.

2.2.3 Backward Simulation for Smoothing

In a time interval 1 : T, smoothing makes use of the measurement information in
the entire time interval. One approach to performing smoothing is using backward
simulation, which employs a forward-backward idea. First, the object filtering den-
sities are obtained in the forward filtering direction. Then particle representation
of smoothed object densities is obtained by sequentially drawing samples from a
backward smoothing kernel. In general, the joint posterior density p (z1.7 | y1.7) can
be factorized as

T-1

p(ﬂUl:T \ y1:T) = (kl:[ p(33k ’ l’k+1,y1:k)> p(33T ’ yl:T) ) (2-19)

where p (zy, | Tx41, Y1) is the backward kernel. After initializing the density p (x7 | y1.7)
at the last time instance T', the process of backward simulation can be done by draw-
ing samples of z from the kernel p (zx|zsi1,y1.1) Successively from time T — 1 to
time 1.

For the linear Gaussian dynamic model, the backward simulation kernel can be
written in matrix form, which follows,

P @k | Trprs yrn) = N (@5 e, My) (2.20)

with simulated mean vector and covariance matrix,

Ui = i’k\k + Pk‘kATElgl (l‘k+1 — Ai’k‘k> , (2.21)
My, = Pyx — Pyp AT E}; APy, (2.22)
Pyiipe = Q + APy AT, (2.23)

where 2y, and Py, & € 1...T are the densities obtained from forward filtering.

2.3 Random Finite Sets

Random finite sets (RFSs) are random variables used to represent sets with a fi-
nite number of elements. The elements in an RF'S are order-irrelevant and element
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non-repeatable, e.g. X; = {a,b} is identical to Xy = {b,a} and one cannot write
X3 = {a,b,a}. In addition, the set operations like intersection N, union U, and
cardinality | - | are all applicable to RFS.

In MOT, both the number of objects and their states may change over time and need
to be estimated, making RFS an appealing tool for building mathematical models.
Two building blocks for RFS-based MOT methods are the Poisson point process
(PPP) and the Bernoulli RFS.

2.3.1 Poisson Point Process

For a PPP, its cardinality follows a Poisson distribution, meaning that events are
randomly distributed and occur independently. The multi-object density of a PPP
x = {x1,...,x,} is [19]

fx)=e? f[ A (), (2.24)

parameterized by the Poisson rate A and the single object density f(z;). Note that
since the elements in a PPP are i.i.d. their single object densities are the same. In
MOT, PPP is often used to model newborn objects and clutter measurements.

2.3.2 Bernoulli RFS
A Bernoulli RFS x has density [19]

1—r, x=10
fx)=3rf(x), x={z}, (2.25)
0, |x| > 2

where r € [0, 1] represents the existence probability of an object, f(x) is the single-
object density of this object.

2.3.3 Multi-Bernoulli and Multi-Bernoulli Mixture

A multi-Bernoulli is a disjoint union of independent Bernoulli RFSs. Its density can

be written as
fx)= > TIfix), (2.26)

Wierxi=x €l

where each Bernoulli RFS is indexed by ¢ € I, and & denotes the disjoint union.

The Multi-Bernoulli Mixture (MBM) RFSs are used to model the set of the detected
objects under data association uncertainties, where each mixture component repre-
sents a different data association hypothesis. The multi-object density of an MBM

is written as [20]
f)=>w; > Il fii(xi), (2.27)

jeJ WierjXi=xX i€l

where wj is the weight of each MB indexed by j € J, and it satisfies that 3°;cyw; = 1.

10
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2.3.4 Poisson Multi-Bernoulli Mixture

A Poisson Multi-Bernoulli Mixture (PMBM) is a disjoint union of a PPP and an
MBM [20], and its multi-object density can be expressed as

F) =3 ) (x), (2.28)

xvWXd=x

where x* represents the PPP undetected objects with density (2.24), and x¢ repre-
sents the MBM detected objects with density (2.27). If there is only a single MB
component in the MBM (i.e. |J| = 1), then the PMBM reduces to a PMB.

2.3.5 PMBM filter and PMB filter

PMBM provides a closed-form solution for multiple object filtering with standard
multi-object models with PPP birth [21] [22]. The resulting filter is the PMBM
filter, and the PMB filter is an efficient approximation of the PMBM filter [22]. In
the PMBM density representation, the PPP describes the potential objects that are
hypothesized to exist but have never been detected, and the MBM describes targets
that have been detected at least once.

2.4 Set of Trajectories

A trajectory is a sequence of object states at consecutive time steps. A single
trajectory can be represented as

X = (t,2"), (2.29)

where t is the trajectory start time and v represents the length of this trajectory.
The density of single-trajectory density is denoted as 7 (¢, '), where 7 (-) is a real-
value function that integrates to one. Similar to the representation of RF'Ss, the set
of trajectories in a time interval o : 7 can be represented as

Xomy ={X1,Xo, ..., X;, }. (2.30)
The PPP of the X,., has density
T (Xan) = e OV, (2.31)

where A(+) is the Poisson intensity, (f,g) denotes the inner product [ f(z)g(x)dz,
and the Bernoulli process of the X,,., has density

1—r, Xgy=10
T (Xan) = 47p(X), Koy = {X} (2.32)

0, otherwise

Similarly, the MB process of the X,., has the density in a similar form to (2.26).
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Methods

This chapter presents the methods employed in our proposed multi-object fusion
algorithm, including data association and single-object fusion methods, and then
trajectory estimation is performed based on the fused multi-object densities.

The focus of this thesis lies on tracking movable objects around a testing truck with
one camera and five radars equipped, a practical challenge at Volvo Trucks. Each
sensor individually processes the raw object detections and provides track-level infor-
mation. The objective is to effectively leverage the information from several sensors
to achieve MOT. In the context of T2TF, this requires precise multi-object densities
and accurate estimation of object trajectories.

There are several challenges related to this problem, and the first one is related to
the data association problem. It is important to associate single-object densities
that represent the same object from different sensors. In addition, we observed that
in practice the tracking system may report more than one track estimate for ob-
jects moving across the edges of different FoVs. Therefore, a clustering algorithm
is needed as a pre-processing step to group closely-spaced track estimates for each
sensor. Furthermore, in order to enhance the adaptability of this multi-object fusion
technique, different single-object fusion methods can be applied to different working
scenarios. However, this introduces a challenge in determining a suitable evaluation
tool for assigning each method to its specialized scenario.

Currently, most of the multi-object fusion methods only focus on fusing multi-object
densities at individual time instances, without providing trajectory information. To
construct trajectories in single sensor tracking, one may make use of the labelling
information and connect object state estimates with the same unique label. This
simple labelling strategy may work well in some cases, but it is not reliable due to
track fragmentation and track switches in challenging scenarios. Furthermore, in
multi-sensor MOT, the same object may be assigned different labels by different
sensors, a problem commonly known as label mismatch. Thus, the labelling infor-
mation can be misleading and may give rise to unreasonable trajectory estimates.
To construct trajectories in the context of multi-sensor fusion, we use backward sim-
ulation for sets of trajectories [23], which does not require any labelling information.

To address the mentioned problems, we develop our fusion structure as illustrated
in Figure 3.1.

13
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Figure 3.1: A diagram of fusion structure containing clustering, data association,
single object fusion and trajectory estimation where each circle represents a single
object density.

3.1 Sensory Information

There are six sensors mounted on the testing truck, including five radars and one
camera. The approximate layout of sensors is shown in Figure 3.2.

The sensors’ feedback is highly integrated, including objects’ positions, velocities,
accelerations, headings, and their corresponding covariances in Cartesian coordi-
nates. The object dynamic states referring to the environment, e.g. movable or
stationary, are also included in the feedback. The information of objects’ positions,
velocities and their corresponding covariances can be utilised to form the object
state representation shown in Subsection 2.1.1.

3.2 Multi-object Fusion

3.2.1 Pre-processing

The output from each sensor captures objects’ existence uncertainties via exis-
tence probabilities. Therefore, the multi-object density can be regarded as a multi-
Bernoulli. In the real data, we observe that the existence probabilities are all com-
paratively high, usually above 0.9, even around 90% of existence probabilities are
above 0.98. Through empirical observation, we found that the object estimates
with existence probability below 0.9 typically represent false detections. Therefore,
we choose not to take false detections by removing object estimates with existence
probability below 0.9 for further implementation.

14
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150
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Figure 3.2: The sensor layout. There are six sensors on the testing truck, and the
circular segments represent the FoVs of sensors. FLR: Front-looking radar, FLC:
front-looking camera, LF: left-front-looking radar, LR:left-rare-looking radar, RF":
right-front-looking radar, RR:right-rare-looking radar.

During the sensing process, it is common for an object to be detected more than
once when it crosses the edges of different FoVs. To address this, a pre-processing
step is employed to cluster sensor data using DBSCAN [24] prior to data association.
Unlike many other clustering methods, DBSCAN does not require the number of
clusters as an input parameter. DBSCAN identifies clusters based on the minimum
number of points 7 required to form a dense region and the maximum distance €
between two points for them to be considered part of the same cluster.

DBSCAN clusters objects by assigning input objects to core objects, border objects,
and noise objects. DBSCAN starts by randomly selecting an object from the set
of unassigned input objects and finding all objects within a distance e. The se-
lected objects are marked as core objects if the number of found objects exceeds or
equals 7. Next, DBSCAN expands the clustering by iterating all objects within e
of the core object and repeating the process until no more objects can be added.
Those objects that are not classified as core objects but within € of a core object are
marked as border objects and assigned to the cluster. Finally, objects not assigned
to any cluster are marked as noise. After assigning all the objects, the process stops.

The characteristics of the data, such as the object densities, influence the choice
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Figure 3.3: An example shows the fusion map where each circle represents an
object density, and each double arrow indicates a mapping between one pair of
object densities from two different sensors.

of the parameters 7, €. In this thesis, 7 is set to 1, meaning each detection may
correspond to a single object. The parameter € has been tuned according to the
testing scenario.

3.2.2 Data Association

Since the sensors report objects’ positions with covariances along with their existence
probabilities, we can treat the object estimates from a sensor as a multi-Bernoulli
distribution. Then, the association between the object densities from two differ-
ent sensors is needed for single-object fusion. The data association problem can be
addressed by introducing a fusion map indicating the densities’ mappings from two
sensors, as shown in Figure 3.3. To build the fusion map, the Bernoulli densities from
two sensors are measured by the similarity in terms of Kullback-Leibler divergence
(KLD) [25]. The best fusion map between two sensors can be found by the sum of
the lowest KLDs between pairs of Bernoulli densities, which can be formulated as a
2D assignment problem. For the fusion of more than two sensors, the global optimal
fusion map can be found by taking those two steps in pairs in a sequential manner.

The KLD between two distributions p(z) and ¢(x) is defined as follows:

p(z)
Dics(plla) = [ pla)log ok (3.1)

The value of KLLD will be 0 if two single-object deities are identical. If the PDFs of
the distributions p(-) and ¢(-) are in the form of the Bernoulli RFSs density with

k dimensional multivariate normal distribution, the KLD between p(-) and ¢(-) is
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given by [26]

T T
Dgr(pllg) = (1 — )logl . =+ 7plog Tp

q q

r |5l -
+§p (P, 1P) log |P] k:+(xp—xq)TPq1(xp—xq) . (3.2)
where Bernoulli density p(-) is parameterized by existence probability 7,, mean x,,
and covariance P,, and Bernoulli density ¢(-) by existence probability r,, mean z,
and covariance P,. The notation |-| denotes the matrix determinant and ¢r(-) de-
notes the trace of the matrix.

Since the KLD is asymmetric, the following symmetrized version of the two KLDs,
defined as

Tp.0) = 5 (Dxaplla) + Dice (allp) 33

is used to measure the distance between two densities. The cost matrix C' is con-
structed by calculating the KLD between every pair of object densities. Three
padded matrixes are added to make the square cost matrix. Assume the cost ma-
trix C' is of size n X m, which means there are n single-object densities in sensor 1
and m single-object densities in sensor 2. Three padded matrixes D} D2 . and

0,,x» make a square cost matrix. Let C' be the augmented cost matrix in size of
(m+n) x (m+n) as follows:

! Cnxm Dflen
C [D%IXm Oan ’ (34)

where the padded matrix D! and D? are square matrices, where the diagonal el-
ements are threshold while all other entries are set to +o00. To avoid associating
densities that are too far away, a threshold, denoting the maximum allowable as-
signment cost [27], is applied to the cost matrix C’. The threshold is the maximum
allowable assignment cost. Then, the best fusion map between sensor 1 and sensor
2 can be found by solving the following optimal assignment problem

| |I2]

arg min Z Z Ay C,

u=1v=1
||
subject to Ay =1, Vu,
; (3.5)

1|

Z Qyp =1, Vo,
u=1
ay € {0, 1},

where C, , is the entry at the u-th row and v-th column of the cost matrix, and a,,,
indicates whether the u-th object and t-th object in the cost matrix C’ are associated.
Note that only the entries within block C' indicate the association between u-th
single-object density in sensor 1 and wv-th single-object density in sensor 2. The
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Figure 3.4: The illustration of CI fusion method

association in block D! means the unassigned single-object densities in sensor 1, and
similarly, the association in block D? means the unassigned single-object densities
in sensor 2. The unassigned single-object densities may associate with single-object
densities from other sensors. If a single-object density remains unassigned after the
whole process, then this is regarded as an individual object that has been detected
by only one sensor. To solve this 2D assignment problem, we can use, e.g. Munkres’
algorithm [28] [29]. Finally, the data association among six sensors can be found by
sequentially solving this assignment problem five times in a predetermined order.

3.3 Single-object Density Fusion Algorithms

Four single-object density fusion methods are used to merge single-object densi-
ties, which are covariance intersection, safe fusion, arithmetic average, and cross-
covariance fusion, respectively. To help understand the differences between these
four fusion methods, we compare their fusion results with a toy example: the fusion
of two Gaussian distributions with the same mean but different covariances.

3.3.1 Covariance Intersection

Covariance intersection (CI) [5] [6] works for fusing two Gaussian distributions.
Given two Gaussian distributions with mean p; and pus and covariance Py, and P,
respectively, the fused estimation ji and P is formed from the following convex
combination,
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Pt =wP '+ (1-wP, (3.6)
P = wP i+ (1= w) Py g, (3.7)
where w € [0,1]. Figure 3.4 compares the fusion result with the original distribu-

tions. We can see that the fused covariance ellipse crosses four intersection points
of two covariance ellipses.

As an extension, CI can also handle cases with the merging of more than two Gaus-
sian distributions. Given N single-object Gaussian densities with mean g1, -+, un
and covariance P, --- , Py respectively. The mean fi and covariance P of the fused
Gaussian density can be computed by [6]:

Pt =N wpP (3.8a)

P =Y wib s, (3.8b)

where w; is the weight of the i-th Gaussian density, and it satisfies that 3N | w; = 1.
The fused existence probability 7 can be obtained as follows:

1
2

C = &e[éﬁ*ﬂi" wipd P i) (3.9)

IT' 27 P2
. o 3.10
: [ —=r)« + CTI" 7 ( |

where r; is the existence probability of the i-th Bernoulli density.

3.3.2 Safe Fusion

An intuitive way to fuse two Gaussian densities is to pick one density with the
smaller uncertainty, which is the general idea of safe fusion (SF) [8] [9]. The detailed
algorithm for fusing two multi-variate Gaussian distributions with mean p; and puo
and covariance P; and Ps is shown below,

1. Find the information matrix (inverse of the covariance matrix) I; = P; ' and
I, =Pyt
Singular value decomposition (SVD): I} = U; DU
SVD: D; V*UT LU, D;? = U, D,UY .
Transformation matrix: T = UJ Di/ Uy
State transformation: j1; = Ty and s = Tus. Now the covariance of new
distributions are P, = I and P, = Dy ! respectively.
6. For each component 1 =1,2,--- |k, let

AN

: uiif DI <1
T e A (3.11a)
why it DY >'1
3 1 if DY <1
pi={TT2s (3.11D)
Dy if Di > 1
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Figure 3.5: The SF result illustration

where D is a diagonal matrix. The superscript 72 on D means the i-th element
on the diagonal.
7. Inverse the state transformation to get the estimate

f=T"Q, (3.11¢)
P=T1"'D7'T T, (3.11d)

We proceed to make explanations on these steps. The operation of SVD in step 2
transforms the first covariance’s ellipsoid into a unit circle. The second SVD opera-
tion in step 3 rotates the coordinate system, so the second covariance’s ellipsoid can
be aligned to the coordinate axes. In step 6, the variables with a smaller variance
are chosen. In Figure 3.5, we can notice that the fusion result is the combination of
variables with a smaller variance.

When there are more than two single-object densities, fusing can be done in a
sequential manner, which is order dependent. When fusing Gaussian densities of
Bernoulli components, the fusion order can be determined by ranking the object
existence probabilities in descending order. For the fusion of existence probability,
we use the same method as in the CI fusion method, referring to (3.10).

3.3.3 Arithmetic Average Fusion

The Arithmetic Average (AA) fusion [10] [11] computes the arithmetic average over
a finite number of single-object densities. Given two Gaussian distributions with the
means, covariances and weights as p; and po, P and P, and w; and ws respectively,
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Figure 3.6: The AA result illustration

the fused density /i and P is formed from the arithmetic average as follows:

fl = Wiy + wally, (3.12a)
P=uw (Pl + (A=) — /M)T) + Wy (P2 + (A= p2)(p — xz)T) ; (3.12b)
F= w1T1 + Warsg. (312C)

Figure 3.6 illustrates a fusion example of AA, where it can be seen that the fusion
result has larger covariance than each density.

Given N distributions fi(z),- -, fx(z) with weights wy, - -+ ,wy, the process of AA
with more than two densities is

faale) = X wifi(a) (3.13)

where >, w; = 1. If there are more than 2 Gaussian distributions, the mean and
covariance of the fused Gaussian distribution can be calculated as

. (3.140)
P= > wi (B- + (A — ) — Mz‘)T) ; (3.14b)
P = Zwiri, (3.14C)

3.3.4 Cross-covariance Fusion

The Cross-covariance (CC) fusion method uses cross-correlation between object den-
sities [4] [12]. Given two Gaussian distributions with mean p; and 9 and covariance
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Figure 3.7: Illustration of the fusion result with two different correlation coeffi-
cients.

P, and P, the fused density i is calculated as follow:

fi = g+ x(p2 — ), (3.15)

where
X = (P — Pi)Up, (3.16)
Uiy = Pi+ Py — Piy — P}, (3.17)

where Py, is cross-covariance matrix. Note that the CC between two object densities
from two sensors can be accurately calculated if we have full knowledge of how each
sensor works, which is not always the case. An alternative way to approximate the
CC matrix is using the entry-wise product. The CC of two covariance matrix P;
and P, can be approximated as [4]

Pu%pwpl-Pg, (318)

where p is the correlation coefficient. The Figure 3.7 shows the fusion result when
p = 0.01 and p = 0.99. The fusion covariance ellipse is within the range of the
covered area, and a larger correlation coefficient leads to a smaller fusion covariance.
For scenarios where the states are 2D Cartesian position vectors, p =~ 0.4 is a good
approximation [4]. The covariance matrix P is calculated using

P =P — (P, — Pp)U (P, — Po)" (3.19)

Supposing there are N densities, the matrix P., which includes each density’s co-
variance and their cross-covariance, can be expressed as:

P P Py
P P .. P

P — 21 2 | 2N ’ (3.20)
Pyn1 Pno Py

22



3. Methods

where the Py, ..., Py on the matrix diagonal are covariance of each object density,
and other parts are cross-covariance between two densities. The fused Gaussian
density has mean and covariance [30]

TP 1" PX, (3.21a)
=P, (3.21b)

>
I

>

where I = [I I--- I]T is composed of Nk x k identity matrix, and k is the object state
dimension, I is k x k identity matrix, and X is a kN x 1 vector with all object’s mean.
The fused existence probability can be found similarly by noting that a Bernoulli
variable with existence probability r has mean r and variance P, = r(1 — r). The
correlation factor p can be 0, so the cross-covariance matrix between each existence
probability is 0. The (3.20) can be rewritten as:

Prc:diag(Pru"' 7PTN)7 (322)
where P,, is the variance of each existence probability. The fused existence proba-

bility can be found by
F={"PI) TP IX,, (3.23)

where X, is a N x 1 vector with all existence probabilities.

3.4 Multi-object Trajectory Estimation

The object information from the sensors contains the object labels, which can be
used to form object trajectories. However, if we have two or more objects with
different labels, it is unclear how to determine the label of the fused object density.
One approach to address this is to reassign object labels based on the best fusion
map [14]. However, this method may face difficulties in challenging scenarios where
initially well-separated objects move closely and then separate again. In such cases,
this track labelling procedure may encounter problems and result in unrealistic tra-
jectory estimates. A more appealing approach to multi-object trajectory estimation
is using backward simulation [23] [31], which can directly work on unlabelled multi-
object densities.

Based on the fused multi-object densities at each time step, trajectory estimation
acts as a particle smoother. As discussed in Section 2.2.3, multi-object trajectory
estimation using backward simulation consists of a forward filtering process and a
backward smoothing process. The fused multi-object densities can be viewed as
output from the forward filtering process. For backward smoothing, we sequentially
draw samples of sets of trajectories from the backward kernel backwards in time.
This will be elaborated in the following subsections.

3.4.1 Backward Simulation for Sets of Trajectories

The objective is to obtain the multi-trajectory posterior density . (Xi.7) from
multi-Bernoulli densities using backward simulation. As mentioned in Section 2.2.3,
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backward

» time

Figure 3.8: An example shows the backward simulation results (dashed line).
There are 4 trajectories existing at time k£ 4+ 1 and 5 objects at time k, where
trajectory 1 is ended at time k; trajectories 2 — 4 are updated by the objects at
time k; trajectories 5 and 6 initialize two new trajectories; and all the trajectories
starting after time k£ 4+ 1 remain unaltered.

backward simulation is a sequential process from the last time instance T to the
initial time instance. In each step, we consider four possible local hypotheses for
a set of trajectories. Assume that we have a set of trajectories at time k£ + 1 and
an MB set of object densities at time k. The first local hypothesis is that a subset
of the trajectories is updated by a subset of the object set, meaning that these
trajectories are extended to time k; the second local hypothesis is that a subset of
the trajectories is ended at time k + 1; the third local hypothesis is that a subset of
the object set initializes a new set of trajectories at time k; the last local hypothesis
is that a subset of the trajectories remains unaltered, meaning that these trajectories
start at or after time k 4+ 1. Figure 3.8 shows an example of four possible results
when performing the backward simulation from time k + 1 to time &.

A global hypothesis is a collection of local hypotheses, explaining the association
of each trajectory and object density. Each local hypothesis can be represented as
a;, and it can be one of the four local hypotheses mentioned above. Therefore, a
global hypothesis can be represented as a set h = {ay,as, ...,a,}. By initializing
the trajectories at the last time instance 7' (by sampling the MB density at time
T) and sequentially drawing samples of trajectories from the backward simulation
kernel (2.19) till time 1, we can obtain a sample of the set of trajectories in time
interval 1 : T'. If we run the complete backward simulation S times, we then obtain a
particle representation of the posterior multi-trajectory density in time interval 1 : 7.
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3.4.2 Gaussian Implementation for Backward Simulation

This subsection shows the Gaussian implementation of backward simulation. The
following assumptions are made:
« Each object has a constant survival probability p°,

o Object state dynamic function is linear Gaussian, i.e. zz1; = N (+; Az, Q)
(see Section 2.3),

e The i-th Bernoulli component at time k has existence probability r};‘k and
Gaussian single-object density with mean x}ﬂ  and covariance P,i| ks
o The set of newborn objects at each time step is a PPP with intensity

M .
() =S wy'N (az; b, P,f’l) , (3.24)
i=1

where N} is the number of Gaussian components, and each component has
weight w,".
The different local hypotheses can be represented as

o The hypothesis, corresponding to the case that the trajectory ended at time
step k£ + 1, is given by

wii’;lT\T =1- 7“2|k + T}i\k (1 - ps) ; (3.25a)
i S
i The (L =P
Tk:lT\T = (@1)7 (325b)
W.rim
it (82 = St [N (25 2y, Py ) (3.25¢)

where Jj[-] represents the Kronecker delta function centred at k.
» The hypothesis, corresponding to the case that the Bernoulli component, i €
{1,...,ngy}, is updated by trajectory Y7 = (tj, yl”’]) .7 €{1,...,m},is given

by
wzjﬁilr :r,imps./\/' (yl; Ay, P,i+1|k) , (3.26a)
P =1, (3.26D)
P (£:2) =0ultl0ssa oy (22) x N (2siyr Pir) . (3:260
Ty =iy + G (yl - Aﬁc\k) ; (3.26d)
Py =Py, — G'APj,, (3.26e)
G =Pl F" (Ploy) (3.26f)
P =APy A" + Q. (3.268)

 The hypothesis of the i-th trajectory Bernoulli component, i € {ngp+1, ..., ngp+
m} corresponding to the case that the object with trajectory Y7/ = (tj, yl”’])
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was first detected at time step k + 1, is given by

k+1
b,i
wk TIT = Z wk+1 (y $k+17pk+1) (3.27a)
©,2
e = 1, (3.27b)
p2;2T|T (taﬂU ' ) = wk:T‘Tié(tj’ylzuj) (t,xli”) ) (3.27¢)

+ The hypothesis of the i-th trajectory Bernoulli component, i € {ngp+1, ..., ngp+
m} corresponding to the case that the object with trajectory Y7 = (tj, ylz”J)

remains unaltered, has w,i’}ﬂT =1, 7’2’:1T|T =1 and pZirlT(X) = Jyi (X).

In principle, we need to enumerate every possible global hypothesis to draw samples,
which can be computationally expensive. One possible solution is to only keep the
global hypotheses with non-negligible weights [23]. This can be addressed by solving
a ranked assignment problem using Murty’s algorithm [32] [33]. More specifically,
our goal is to sample an association that assigns m trajectories at time k + 1 to ng
Bernoulli densities at time k. The assignment problem is formulated by constructing
a cost matrix,

C =—log { Wy Wy } , (3.284a)
Wi+l

Wi = =0T (3.28D)
W7

Wy = diag (wZ:kT‘T;l’Q, o ,w::kT‘T;m’Q) , (3.28¢)

where the (j,i)-th entry in W; € R™ "I represents the cost by assigning the j-
th object state to the corresponding i-th trajectory and W, € R™*™ is a diagonal
matrix where each entry on the diagonal represents the new trajectories are initial-
ized by the object state at time k. Then by running Murty’s algorithm, we obtain
M-best assignments with non-negligible weights and we draw a sample from these
M-best assignments.

In addition to pruning negligible global hypotheses, we also compute the squared
Mahalanobis distance (SMD) between the first state y; in a trajectory and the

predicted density of N/ (96; CCZW P;i\k)

SMD (yis iy Pip) = (w1 — Aahyy) (APAT +Q) (yi — Aahy)  (3.29)

to a threshold o. If this distance is larger than o, we set the corresponding entry in
the cost matrix (3.28a) to 0.

3.5 Evaluation

To evaluate the performance of MOT algorithms, we need to measure the similarity
between the estimated set of object states and the ground truth. Intuitively, an
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MOT performance measure should capture localization errors for properly detected
objects, cost for missed detections, and cost for false detections. In this thesis, two
performance measures are used to evaluate MOT algorithms: GOSPA metric [34]
and NLL [35].

3.5.1 GOSPA

Let X be the set of true object states and Y be the set of object estimates. Let
d(x,y) denote the Euclidean distance between x and y, and d'© = min(c,d(x,y)).
Also let IT,, be the set of all permutations of {1,--- ,n} for any n € N where 7 € II,,
is a sequence (7(1),--- ,m(n)). The GOSPA metric is defined as

B =

X]

c,a . c p c?
d]gv )(X7 Y) £ ( min Zd( ) (xi,yﬂ(i)) + E(|Y| — |X|)) ) (3.30)

7T€H|Y| i—1

There are three parameters in GOSPA: ¢ stands for the maximum allowable local-
ization error, p gives a penalty for outliers, and « is a factor for the cardinality
mismatching penalty, which is suggested to be set as 2 for evaluating MOT perfor-
mance in [34]. Given a ground truth € X, object estimate y € Y, and d(z,y) > ¢,
then according to d® = min(c,d(z,y)), the distance between z and y is c¢. The
penalty for assigning ground truth x with object estimate y is ¢?, and ¢/« other-
wise. If we set a = 2, the cost of the unassigned object would be the same as the
cost of that object being associated with another object at distance c¢. Computing
the GOSPA metric (v = 2) can be formulated as a 2D assignment problem:

d?(X,Y) = |min ( S d (@ y) + C;(IXI + Y- 2|7|))] p : (3.31)

er =
7 (1,5)€v

where 7 is an assignment set between the estimates and the ground truth, and I’
is a set of all possible assignment sets 7. Note that |y| is the number of properly
assigned objects, and that |X| — |y| and |Y| — || represent the number of missed
and false objects, respectively. Consequently, GOSPA allows for the decomposition
of the total estimation error into localization errors for properly detected objects
and errors for missed and false detections, respectively.

3.5.2 NLL

GOSPA metric does not take into account the uncertainty information when eval-
uating the MOT performance, and it has two hyper-parameters ¢ and p that need
to be chosen. As a comparison, NLL also evaluates the object state uncertainty
estimates and has no hyperparameters. Given the true set of object states Y and
the multi-object posterior density f(-), the NLL is defined as

NLL(Y, ) = —log f(V). (3.32)

Note that our posterior density is an MB. To assess performance using the NLL
measure, we introduce a PPP component, whose intensity is a Gaussian distribution
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centred at the origin with a large covariance. The NLL evaluates PMB densities in
three parts, including matched objects, missed objects and false detections. Let the
PPP intensity function be A(+), and let r; and p;(+) represent the existence probability
and single-object density of i-th Bernoulli components, respectively. The following
algorithm can be used to approximately calculate the NLL [35]:

NLL (Y, fpump) = 15161%1 — Z log (ripi (y;))

(i,5)€v

Localization
= Y tog(l—r)+ [ AW — X logA(y,),
i€F(v) JEM(y)

False detections Missed objects

(3.33)

where v represents a possible assignment between the estimates and the ground
truth, M represents the ground truth that is not assigned to any estimates, and the
[F denotes the estimates that are not assigned to any ground truth. The localiza-
tion part measures how well the Bernoulli components explain the matched ground
truths. The false detections part captures the existence uncertainty of unmatched
object densities. Finally, the missed object part evaluates how well the PPP com-
ponent explains the unmatched ground truths.

The NLL of PMB can be interpreted as the sum of the likelihoods of all possi-
ble assignments between the ground truths and either PPP component or one of
the Bernoulli components of the estimates. It is generally intractable to compute
the exact NLL due to the large number of possible assignments. However, usually,
only a few of these likelihoods of assignments contribute most to the exact sum.
This means that the likelihood can be approximated by finding the best assignment
between the ground truths and the estimates and omitting all other possible assign-
ments. Finding the assignment v with the minimum cost can be formulated as a 2D
assignment problem, and the corresponding cost matrix is calculated as
—log (%n) , ifi<m
Cij =14 —log A(y;), ifi=7j+m (3.34)

0, otherwise ,

where C; ; is the (¢,7)-th entry of cost matrix C, and m is the number of estimates.
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4

Simulation Results

In this chapter, simulations are set up based on the knowledge from the testing
trucks. Then the settings of the simulation and result comparisons are shown.

4.1 Simulation Setting

In this section, we introduce the simulation settings for MOT evaluation. Four
sensors are placed in a 150 mx 150 m area. Each sensor’s feedback is an MB
density representing the set of objects within its FoVs. At each time step, we perform
multi-object density fusion to fuse the densities from each sensor. Then, we apply
backward simulation on the fused multi-Bernoulli density at each time step to obtain
trajectory estimates.

4.1.1 Sensor FoVs Setup

We set the average overlapping area for four sensors to reflect the real truck con-
figuration as shown in Figure 3.2, where some areas can be surveilled by multiple
sensors, and some just by single sensors. The sensors’ layout for simulation is shown
in Figure 4.1.

4.1.2 Ground Truth Creation

We assume that the objects’ movements follow a constant velocity (CV) model. The
following steps generate the ground truth:
1. Specify the initial position and velocity of each object. The object state at
time k can be written as

T
m=lr & oy g (4.1)

2. Determine the time interval and simulation duration. For convenience, we set
the time interval and the duration as Ty = 1 and 20 respectively.

3. Generate the object densities. The state of the object at time k can be se-
quentially generated using the motion model (2.3). During the simulation, we
set the dynamic matrix A, as time-invariant

(4.2)

1 T
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4. Simulation Results
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Figure 4.1: The sensor layout contains nine different blocks, four blocks at the
corners covered by only one sensor, one block at the centre covered by all four
sensors, and the rest four blocks covered by two sensors.

where [ is an identity matrix of size 2, ® denotes the Kronecker product,
and Ty represents the time interval of this discrete process. And we set the
input matrix By as zero. The noise is defined as ¢ ~ N(0,Q) where Q =

12

03[2 ® lj% ;], and we set the o, fairly as 0.3.

2 S

4. The generated object densities at consecutive time steps can be viewed as a set
of sequences. Given a sequence of object densities, at each time k, we sample
a random number from a uniform distribution and compare it with p; = 0.92.
If the sample is larger than p;, we remove this single density. Using this trick,
we introduce random birth and death into this sequence of object densities,
which makes the ground truth more similar to the real-world setting.

In addition to the CV model, we implement the coordinate turn (CT) motion model
to create ground truth with nonlinear object motions. With the object states z; =

T
x y v 6 w| where x and y represent the position, v is the velocity, € is the

heading direction, and w is the turn rate, we set the dynamic function f (xy, ux, gx)
in Section 2.2 as time-invariant and omit the input ug. The dynamic function is

f(z,q)

30
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4. Simulation Results

00 0 0 O
00 0 0 O
where ¢ ~ NV(0, Q) is the process noise in CT model withQ = |0 0 T,0? 0 0
00 0 0 O
00 0 0 T,o?

4.1.3 Object Estimate Densities Creation

For creating the object estimate densities for the simulation, we assume that the ob-
jects can be estimated around the ground truth. This can be achieved by drawing a
sample from a Gaussian distribution whose mean is located at the ground truth with
a constant covariance matrix, which can be viewed as a measurement of estimation
accuracy. The covariance of this sample is set by sampling from a Wishart distribu-
tion, which allows the generation of random covariance matrices that can capture
the desired real-world statistical properties. This is achieved by setting the sigma
parameter of Wishart based on the knowledge of real-world sensors’ covariance and
by limiting the degree of freedom at a normal level. Figure 4.2 shows four examples
of the simulated tracks.

4.2 MOT Simulation Evaluation

The multi-object multi-sensor fusion algorithm, described in Section 3.2 is integrated
with the four different single-object fusion methods described in Section 3.3, result-
ing in four different implementations. We evaluate their performance in scenarios
with different sensor FoVs and the number of objects using GOSPA and NLL.

4.2.1 Simulation Result with Different Number of Objects

First, we keep the sensors’ FoVs fixed as shown in Figure 4.1, and conduct two
simulations with 5 and 20 objects, respectively, and each object has random initial
positions and velocities. The evaluation results are obtained by averaging a number
of 100,000 times Monte Carlo simulations. The results under 5 and 20 objects are
shown in Table 4.1 and Table 4.2, respectively.

Table 4.1: GOSPA and NLL values of four implementations with 5 objects.

CI SF AA cC
GOSPA  0.9817 £ 0.1007 1.2108 £0.0869  0.9817 £ 0.1007 0.9692 £ 0.1051
NLL  8.4053 £2.6080 15.1347 £2.4953 8.1641 +£2.5828 11.7661 £ 2.5077

Table 4.2: GOSPA and NLL values of four implementations with 20 objects.

CI SFE AA CC

GOSPA  1.97224+0.1141  2.4153 £ 0.1040 1.9722 +£0.1141  1.9502 £0.1172
NLL 31.9725 £4.8912 57.4180 £4.7032 31.0877 £4.8450 44.7085 £4.7162
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(d) Randomly generated 20 trajectories
using CT model.

Figure 4.2: Examples of randomly generated trajectories in four different simula-

tion settings.

4.2.2 Simulation Result with Different Overlapping areas

We also evaluate the robustness of the multi-object fusion algorithm under two
different sensors’ FoVs configurations, and in both cases, we set the number of
trajectories as 5. The evaluation results are obtained by averaging a number of
100,000 times Monte Carlo simulations. The results of three different cases with
small, medium, and large overlapping areas are shown in Table 4.3, 4.1, and 4.4,

respectively.

Table 4.4: GOSPA and NLL values of four implementations in a scenario with a

larger overlapping area.

CI SFE

AA CC

GOSPA  0.7213 £0.0728 1.2185 £ 0.09671 0.7213 £0.0728 0.6190 + 0.0699
NLL 1.8620 +1.1840 15.1644 +£2.5903 1.9628 +0.9246  5.9861 £+ 2.0167
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4. Simulation Results

Table 4.3: GOSPA and NLL values of four implementations in a scenario with a
smaller overlapping area.

CI SF AA CcC

GOSPA  1.0870 £0.0962 1.2097 +0.08340 1.0870 4+ 0.09623 1.0836 + 0.09787
NLL 11.4350 £2.6708 15.1213 £=2.4486 11.2689 £2.6710 13.4188 £ 2.4831

150 150
Sensor 4| Sensor 4|

E E
50 1 50 1
0 Sensor 1 . . . . _ Sensor2| 0 Sensor 1 . . . . _|Sensor2]
-20 0 20 40 60 80 100 120 140 160 -20 0 20 40 60 80 100 120 140 160
x (m) X (m)
(a) Small overlapping area (b) Large overlapping area

Figure 4.3: Two different settings for the sensors’ FoVs overlapping areas.

4.2.3 Simulation Result with Different Motion Model

We also evaluate the fusion performance when the object trajectories are generated
using the CT model. We choose the sensor layout as Figure 4.1, and we consider
four different scenarios with 5, 10, 15, and 20 objects. The evaluation results are
obtained by averaging a number of 100,000 times Monte Carlo simulations. The
result of the simulation with 5 trajectories is shown in Table 4.5.

Table 4.5: GOSPA and NLL values of four implementations with CT model and
5 objects.

CI SF AA CcC
GOSPA  1.2486 +£0.2346  1.4512+0.2082  1.2486 £ 0.2346 1.2369 £ 0.2379
NLL  8.0111 £5.0117 13.5588 £5.1780 7.8215 +4.9827 10.7542 £ 5.0881

Table 4.7: GOSPA and NLL values of four implementations with CT model and
15 objects.

CI SF AA CC
GOSPA 23764 +£0.3143  2.6880 £0.2778  2.3764 £ 0.3143  2.3600 £ 0.3173
NLL  22.7095 £ 7.3046 36.1679 4+ 8.2424 22.2723 4+ 7.2524 29.3310 + 7.6685
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Table 4.6: GOSPA and NLL values of four implementations with CT model and
10 objects.

CI SF AA CC
GOSPA  1.8606 £ 0.2830  2.1285 £ 0.2521 1.8606 £ 0.2830  1.8461 + 0.2863
NLL 15.2951 £6.3094 25.1431 £6.7127 14.9541 £6.2712 20.1593 £ 6.5033

Table 4.8: GOSPA and NLL values of four implementations with CT model and
20 objects.

CI SFE AA CC
GOSPA  2.8250 +£0.3354  3.1676 £0.2999  2.8250 +0.3354  2.8078 £ 0.3385
NLL  30.7134 £8.7723 47.0626 £9.8334 30.1637 £8.6975 38.8617 £ 9.1875

4.2.4 Simulation Result with a Combination of Low-quality
Sensors and High-quality Sensors

In addition, we evaluate the performance of the multi-object multi-sensor fusion algo-
rithm in scenarios where sensors have different qualities. In particular, we manually
set the sensor 1 and the sensor 4 with big measurement covariance, which repre-
sents the larger uncertainty about the object estimate. The simulation is conducted
with the CV model with 5 trajectories, and the results are obtained by averaging a
number of 100,000 times Monte Carlo simulations. The result is shown in Table 4.9.

Table 4.9: GOSPA and NLL values of four implementations with a combination
of low-quality and high-quality sensors.

CI SFE AA cC

GOSPA  2.6378 +0.8274 23573 +£0.7316  3.1566 + 0.7226 2.4653 £ 0.8887
NLL 10.2655 +4.0854 16.0120 £11.1145 15.0920 + 12.2601 14.5136 4+ 3.1087

4.3 Trajectory Estimation

Trajectory estimates are obtained by applying backward simulation, described in
Section 3.4, to the fused multi-Bernoulli multi-object densities. Figure 4.4 shows an
example of trajectory estimation, where there are 5 objects moving from the left-
bottom to the right-top of the surveillance area. In the first scenario, we create the
ground truth without random birth and death. It can be seen from the results that,
in general, the trajectory estimates of different objects can be correctly separated
even when objects are moving in close distance, see the left-bottom corner in Figure
4.4. Figure 4.5 and Figure 4.6 show two more complex examples of trajectory
estimation, where we bring back the random birth and death. In addition, in Figure
4.6, we manually set the objects closer to be more challenging.
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Figure 4.4: Trajectory estimations of 5 objects, where the green dots represent
the fusion results, the blue line segments denote the trajectory estimates, and the
ground truth trajectories are marked as red line segments.
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Experimental Results

In this chapter, we evaluate the four different implementations using real-world data.
In the scenario being considered, a Volvo V60 car is overtaking a moving testing
truck and cutting in from the left rear to its left front. The fusion results obtained
from four different implementations are compared to the ground truth, and the
fusion performance is evaluated using GOSPA and NLL. In addition, the running
times of these algorithms are compared.

5.1 Real-world Sensor Data

This real-world evaluation is powered by the Volvo reference system, including mul-
tiple real-world datasets and ground truth, with both multi-object and single-object
data. However, due to time constraints and imperfect reference data, we can only
evaluate our fusion algorithm under a single-object scenario. In practice, we clip a
representative scenario, in which a Volvo V60 car overtakes an ego truck. As shown
in Figure 5.1a, this car crosses the FoVs of four different sensors during the entire
process, a scenario that could be considered representative for testing our developed
fusion algorithm. In addition, the experimental evaluation, as shown in Figure 5.1b,
only uses valid objects densities that are moving and with high existence confidence.

Usually, the sensor is set to return position on the middle of the closest side of this
object. Therefore, the object’s size can be approximated based on the measurement
of this vehicle’s closest side length and width length. In the reference system, the
data that we get is a point attached to the back of the car. Thus, a position
transformation is needed to compensate for this bias. It is also worth mentioning the
time synchronization between the sensor data and the ground truth. In our testing
case, the ground truth is updated more frequently than the sensor data. Therefore,
it is always possible to find the corresponding ground truth for any sensor data at
any given time.

5.2 Experimental Evaluation

5.2.1 Fusion Result Visualization

Figure 5.2 shows the multi-object fusion results tested using four different single-
object fusion methods.
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Figure 5.1: The scenario in the real-world testing data, where a car takes over the
testing truck (blue rectangular) on the road.

5.2.2 GOSPA Evaluation Result

For this experimental evaluation, we set the parameters of GOSPA as p =2, ¢ =8,
and a = 2. The average GOSPA of four different single-object fusion methods is
shown in Table 5.1.

Table 5.1: Average GOSPA value of four single-object fusion algorithms

CI SF AA CC
GOSPA 0.8127 0.8630 0.8737 0.8351

In order to illustrate the comparison at different time steps, Figure 5.3 and Figure
5.4 show the GOSPA and NLL values during the overtaking process.

5.2.3 NLL Evaluation Result

The result showing the NLL of four different single-object fusion methods is given
in Table 5.2.

Table 5.2: Average NLL value of four single-object fusion methods

method CI SF AA CC
NLL 3.5433505 4.8674531 3.5174546 4.3920736
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Figure 5.2: The fusion result from four different single-object fusion algorithms.
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Figure 5.3: GOSPA values over 61 time instances of four different single-object
fusion algorithms.

5.2.4 Computational Complexity

To evaluate the computational complexity, we record the running time for each im-
plementation!. The runtime is measured by running the entire multi-object fusion
process (including preprocessing, data association, and single-object density fusion
algorithms) 10000 times and takes the average. The result is shown in Table 5.3.

Table 5.3: Average time consumption in the simulations

method CI SF AA CC
time (S) 0.02915 0.03062 0.02811 0.02954

5.3 Trajectory Estimation

The trajectory can be estimated after getting the fusion result in real data. Figure
5.5 illustrates the trajectory result.

!The implementation is carried out under MATLAB 2020a powered by Intel®Core™ i7-11850H
processor with 32 GB DDR4 memory.
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Figure 5.4: NLL values over 61 time instances of four different single-object fusion
algorithms.
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jectory estimations, and ground truth trajectories are marked as red line segments.
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Discussion

6.1 Simulation and Experimental Comparison

The performance of the simulation surpasses that of the real-world experiment sig-
nificantly. This discrepancy can be attributed to the configuration of the simulation,
which inherently influences its outcomes. However, it should be noted that the sim-
ulation falls short of capturing the complete intricacy of the real world.

After analyzing the real-world data, it has been observed that the sensors’ low-
quality output led to imprecise fusion results. This problem becomes evident when
examining specific time instances, as depicted in the accompanying Figure 6.1. Un-
der extreme working conditions, e.g. in Figure 6.1a, only one sensor reports a density
(the mean of this density is marked as a blue point). However, this feedback is ap-
proximately one meter away from the ground truth. This is caused by the estimation
compensation. We transfer all the densities in terms of their mean points all located
at the rear-middle point of the object, however, without good knowledge of the size
of the object, the compensation might drift away from the ground truth. In Figure
6.1b, there are two densities reported from the sensors, one from the camera and
one from the front-looking radar. However, due to the unpredictable time difference,
both densities drift away from the ground truth even if we have good compensation.

A noticeable disparity in trajectory estimation can be observed between Figure 4.4
and Figure 5.5. In the simulation, the error levels for both longitude and latitude
velocities are closely set, resulting in acceptable velocities for accurate trajectory
estimation. However, in the real-world scenario, only the longitude velocity can
be deemed reliable, while the reliability of latitude velocity is compromised due to
the limitations of the radars. Consequently, in Figure 5.5, the discrepancy between
the estimated and ground truth trajectories is acceptable in terms of longitude, but
the estimation of latitude is not satisfactory. With improved sensor quality, the
trajectory estimation is expected to be more accurate.

6.2 Choice of Single-object Fusion Method

It is hard to draw a concrete conclusion on which single-object fusion method signif-
icantly outperforms others. The selection of the method relies on the sensor quality.
In cases where it is common to encounter situations where one sensor consistently
provides tracks of significantly higher quality than others, i.e. accurate detections
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Figure 6.1: Inaccurate sensors densities in two specific time instances

with small covariance, the SF algorithm is a wise choice (see Subsection 4.2.4).
However, under this thesis configuration, the qualities of the sensors are at the same
level, and the tracks are fused around the ground truth with averaging weights. As
a consequence, AA and CI fusion yield better results.

6.3 Simplification in Real-world Applications

In some situations, the covariance estimation is less important. The AA fusion can
be a good choice for this application. From the experimental and simulation result,
AA required less computational time and the result is acceptable. The AA fusion
can directly compute the fused mean estimate by taking the weighted sum. As a
comparison, other algorithms require more complex matrix calculation, including
SVD or inversion of the covariance matrix. This is more computationally expensive
than arithmetic average fusion. In conclusion, the arithmetic average fusion can be
a choice for less complex applications.

Another problem that can be seen is that the camera’s position estimation is inac-
curate. Table 6.1 is the result with the absence of the camera’s feedback. Compared
to Table 5.1 and 5.2, it can be seen from Table 6.1 that the GOSPA value becomes
lower after ignoring the camera’s feedback. The covariance intersection algorithm
performs better with more accurate sensor feedback.
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6. Discussion

Table 6.1: GOSPA and NLL values if camera data are ignored

CI SF AA CC
GOSPA 0.7920 0.8544 0.8242 0.8333
NLL  3.5796 4.8482 3.6265 4.3793

6.4 Future work

Due to time limitations, we could not fully leverage all the available information,
such as object classification and bounding boxes. One possible future work direction
is to perform data association based on classification relationships by incorporating
object classification information. Additionally, it is also interesting to enhance the
understanding of object tracking by introducing another dimension that indicates
the spatial location of tracks on the object, which can be achieved through the uti-
lization of bounding boxes.

Furthermore, our data association formulation was limited within individual time
instances. However, it may be possible to establish historical relationships between
adjacent time instances. This helps to build the data association that cannot be
correctly reflected in terms of spatial information. These historical relationships
may be accomplished using a graph-based data association approach [36].
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Conclusion

In this thesis, we propose a multi-sensor multi-Bernoulli densities fusion algorithm
with implications for both theoretical understanding and practical applications in
the field of ADAS. The result shows that the objects can be tracked accurately
under the given experimental environment. Additionally, this fusion algorithm is
robust and can be implemented with multiple sensor setups. The trajectories esti-
mated from the fused multi-object densities are accurate compared to the ground
truth. As an extension, four single-object fusion methods make this multi-sensor
multi-Bernoulli densities fusion algorithm flexible to be adapted to different types
of sensors.
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