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Abstract

Target tracking is a collection of methods that, in automotive applications, includes
the tracking of vehicles, pedestrians, and other road users. Commonly, the targets’
positions are estimated, but the tracker can also include information such as the
velocity and acceleration of the tracked targets. Target tracking is a necessity for
autonomous vehicles, where the idea is to use the tracking information to make
decisions. The field is constantly developing and new methods are regularly being
tried and evaluated. The reliability of target tracking algorithms is critical since the
vehicle relies on information gained from them to make decisions; in critical traffic
scenarios, it can be a matter of life and death for the passengers.

This thesis focuses on Extended Multiple Target Tracking (EMTT), where the
number of targets is unknown and each target can generate several measurements.
Poisson Multi-Bernoulli Mixture (PMBM) based filters have been proven to yield
state-of-the-art results. These filters are thus studied and evaluated in this the-
sis based on their suitability for tracking vehicles on the road using radar data.
The thesis is only considering highway scenarios, therefore slow-moving traffic or
stop-and-go scenarios are omitted. Three variations of the Poisson Multi-Bernoulli
(PMB) filter were implemented, the Track Oriented PMB (TO-PMB), the Most
Likely Assignment PMB (MLA-PMB), and the Efficient Approximation of Feasible
Set PMB (EAFS-PMB). Two different birth models were also implemented for the
three filters, a uniform birth model and a measurement-driven birth model. The
results for the three different filters were rather similar, where the main difference
was observed when changing the birth model. The uniform birth model tends to
be more accurate over time, while the measurement-driven birth model limits the
computational complexity and performs tracking approximately 3 to 8 times faster
than the uniform birth model, depending on the complexity of the scenario.

Keywords: Extended Multi-Object Tracking, EMOT, Extended Multi-Target Track-
ing, EMTT, Poisson Multi-Bernoulli Mixture, PMBM, Poisson Multi-Bernoulli,
PMB, Radar, Autonomous Vehicles
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1

Introduction

The interest in autonomous vehicles has grown strong during the past years, and
the reasons for this are many, including safety, comfort, and driver convenience. In
2015, the U.S. Department of Transportation stated that 94 % of all lightweight
vehicle crashes have the driver as the immediate reason for the critical pre-crash
event [2]. The driver-related critical reasons could further be assigned to mostly
recognition and decision errors, but also performance errors and non-performance
errors, including sleepy drivers. Developing autonomous vehicles that keep track of
their surroundings, perform object tracking, and make calculation-based decisions,
can be quite beneficial for traffic safety. The concept of autonomous vehicles is un-
der development and so far, most advances are related to automated functions and
the vehicle’s advanced driver-assistance system (ADAS). The equipment used for
these functions is therefore varying. Examples of measuring equipment are radars,
LIDARS, high-quality cameras, GPS, and IMUs, where this thesis will make use of
radar detections.

To make a vehicle autonomous, many functionalities need to be implemented, in-
cluding algorithms to track other vehicles and pedestrians on the road. This study
is done in collaboration with Zenseact and focuses on Multiple Target Tracking
(MTT), also called Multiple Object Tracking (MOT), which is a technique used
to track the movement and dynamic properties of multiple objects. Objects and
targets are the same thing and will be used interchangeably in this thesis. MTT is
a subject that has significantly developed during the past years. In the context of
autonomous driving, MTT is a collection of methods that includes tracking vehicles,
pedestrians, bicyclists, and other road users. To increase safety, the idea is to first
do tracking and then use methods for predicting the movement of other objects and
use that information to slow down or emergency brake the vehicle if needed.

In MTT, there are two different ways to model objects. One way is to assume
point objects, where, if considering a two-dimensional plane, a point object is an
object that has no length or width, and can be described only by its kinematics.
This is used in many applications of multi-target tracking, such as in radar-based air
surveillance where the targets are far away. In these cases, the targets are assumed
to be points in the field of view. This assumption is not viable when tracking vehicles
on the road with vehicle-mounted radars, since the targets in this application are
rather close to each other and each target can generate several measurement points
at each time step. Here, the objects are therefore handled as extended objects,
which means that several measurement points can be assigned to one object, and
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the shape of the target, called the extent of the target, is unknown. The number of
detections from one object depends on the distance to the object, the extent of the
object, and the sensor resolution. In this case, the estimation of the target extent
should be included when solving the tracking problem.

Within the field of MTT, there are several different filtering methods used, including
Multi Hypothesis Tracking (MHT) [3], Probability Hypothesis Density (PHD) filter
[4], Multi-Bernoulli Mixture (MBM) filter [5], and Poisson Multi-Bernoulli Mixture
(PMBM) filter [6], where the PMBM filter has been shown to have state-of-the-art
performance. However, the PMBM filters are computationally complex filters. To
reduce the complexity, Poisson Multi bernoulli (PMB) filters were developed in [7, 1]
as a variation of the PMBM filter, where the complexity is reduced by reduction
methods and approximations. In the literature, the PMB filters have been evaluated
for simulated data, and there is thus a gap in the literature for how it performs using
real data. This study focuses on filtering methods based on the PMBM filter, where
the PMB filter is implemented using measurements collected with radars mounted
on a moving vehicle to track other vehicles on the road. Furthermore, when us-
ing real data, the number of measurements at each time step will be significantly
high which creates a need for good reduction methods that retain as much info as
possible.

1.1 Research Questions

The main objective of this thesis is to choose three PMBM-based filters by doing a lit-
erature study. The filters are thereafter implemented to solve the multiple extended
target tracking problem for automotive applications, i.e., to track the movement of
vehicles on the road.

The general research questions for this work are:
o Which PMBM-based filters are more appropriate for solving the MTT problem
in automotive applications (e.g., to track vehicles on the road)?
o What are the advantages and disadvantages of each filter?
o How does the target birth model affect the filter performance?

1.2 Scope

In this work, the filtering problem is solved by performing prediction and update
using data up to and including the current time step. Smoothing or estimation of
trajectories is not included. Further, no change to the environment is made, and the
algorithm will not be deployed in any vehicle. The run times, however, need to be
manageable in terms of computational complexity. Therefore, appropriate reduction
methods are being used.

In automotive applications, there are a lot of different traffic scenarios that can
occur. To make this thesis feasible, we are focusing on highway scenarios. We are

4
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thus not considering slow-moving traffic or stop-and-go scenarios. Several highway
sequences are used for tuning the filter, and three sequences with different scenarios
are further investigated and evaluated. In this work, all the objects are assumed to
move in a two-dimensional plane.

1.3 Related Work

According to [8], some of the more advanced filtering methods used to deal with mul-
tiple extended target tracking are Generalized Labelled Multi-Bernoulli (GLMB) [9],
Labelled Multi-Bernoulli Filter (LMB) [10], Multi-Bernoulli Mixture (MBM) [5] and
Poisson Multi-Bernoulli Mixture (PMBM) based methods [6]. These methods are
briefly described in the following paragraphs.

The Generalized Labelled Multi-Bernoulli (GLMB) filter [9] solves the MTT prob-
lem using the standard point-detection likelihood model based on a type of labeled
Random Finite Set (RFS). In labeled random finite sets, a specific label is assigned
to each target so that its trajectory can be easily identified without the need for
post-processing [9]. In [9], the GLMB filter was compared to an extended target
Probability Hypothesis Density (PHD) filter [4] and an extended target Cardinalized
Probability Hypothesis Density (CPHD) filter [11], both of which had a worse perfor-
mance than the GLMB. The article found that the number of posterior components
grows exponentially, so a better alternative would be the Labelled Multi-Bernoulli
(LMB) filter, which is an approximation of the GLMB filter. According to [12],
LMB can estimate tracks, is unbiased in posterior cardinality, and has a lower com-
putational complexity without losing the desirable qualities of GLMB.

The PMBM conjugate prior is a linear combination of independent Poisson Point
Process (PPP) and Multi-Bernoulli Mixture components which was developed for
point target MTT in [13]. The MBM and PMBM filters are very similar, where the
MBM is a special case of the PMBM where the PPP is neglected as a birth model by
setting its intensity to 0 and object birth is modelled as a Multi-Bernoulli mixture
density [5]. The authors of [5] found that the MBM filter fails to estimate a state
for each target if the number of newborn targets that are detected is higher than
the number of birth components. The article also states that if the birth location is
vague, the PMBM filter will yield better performance than the MBM filter.

The PMBM filter has a more efficient filter structure and is less computationally
complex compared to the GLMB filter since it models the birth as a Poisson Point
Process. This enables quick detection of targets born close to each other as well as
the use of recycling methods, which are used to improve performance. The PMB fil-
ter, which is an approximation of the PMBM filter, has the best overall performance
considering the accuracy of the estimations and the computational complexity [13].

PMBM-based filters have generally been proven to yield great results [1, 14], and the

filtering method is described in detail in Chapter 2. Previous comparable studies
have used simulated data. During this project, a new study using three-dimensional

5
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lidar data with a PMBM filter was published [15]. This study explores the applica-
tion of PMB filters on two-dimensional radar data, which is why these studies are
not comparable.

1.4 Main Contributions

In this thesis, the main contributions can be summarized as:

o We select and implement a set of different PMB filters that have the potential

to yield good performance. These filters are described regarding how they can
be used in Extended Multi Object Tracking (EMOT).

o We analyze the performance of the PMB filters on real data. In particular, we
compare the results for three PMB filters, namely the Track Oriented (TO)
PMB, the Most Likely Assignment (MLA) PMB and the Efficient Approxi-
mation of Feasible Set (EAFS) PMB. The implementation is done for highway
scenarios with real two-dimensional radar data, from a radar mounted on a
vehicle.

o We implement two different birth models and compare the results for all three
filters using these models.



2

Theory

This section presents the literature needed to understand the steps in this project.
We first describe filtering in general and the Kalman filter for point targets, where
one target is tracked at a time. This is used in the prediction and update step for
every object and filter recursion, together with a motion and measurement model,
respectively. We then explain Extended Multiple Target Tracking (EMTT) and the
added complexity it entails, where the data association problem is described. Fur-
ther, the Poisson Multi-Bernoulli Mixture filter is described. The filters which are
implemented in this thesis, meaning the different variations of the Poisson Multi-
Bernoulli filter, are also presented in more detail. Finally, the used evaluation metric,
the Generalized Optimal Sub-Pattern Assignment (GOSPA) metric, is explained for
extended objects.

In this work, scalar variables are represented by lowercase letters such as x and
vectors are denoted by bold lowercase letters such as x. Uppercase letters such
as X and bold uppercase letters such as X denote matrices and sets of vectors,
respectively.

2.1 Bayesian Filtering

Target tracking algorithms are based on solving the Bayesian filtering problem. The
Bayesian filtering problem consists of recursively estimating the probability density
function of the state of an object (the posterior) given the previous state of the
object (the prior) and measurements at each time step. The filtering problem can
be solved by using Bayesian statistics.

2.1.1 Bayesian Statistics

From a philosophical point of view, there are two main approaches to statistics: the
frequentist or traditional approach and the Bayesian approach. Traditional statistics
introduces probabilities for random events which result from random experiments,
so probability is defined as the relative frequency with which an event occurs given
many experiments [16]. In this work the Bayesian approach will be used, which con-
siders the variables to be random. One can then directly use the rules of probability,
which follow logical and consistent reasoning, to predict parameters and revise our
predictions given new information [16, 17].
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In Bayesian statistics, there is an initial probability statement called the prior prob-
ability which can be combined with observed data to obtain the updated or posterior
probability. The distribution of a continuous random variable is represented by a
probability density function (PDF) and it is denoted by p(6) where 6 is the random
variable. One can also show the distribution of a random variable as 6 ~ p(#). The
PDF gives us the probability of a random variable falling within a certain range
of values. Consider the variable 6 which is a random variable with known prior
distribution p(#) and the measurements y;.r which are also random variables. Here,
y1.7 denotes a sequence of measurements from time step 1 to time step 7. Assum-
ing that the conditional distribution p(y;.r|f) is known, one can find the posterior
distribution of # denoted by p(0|y1.r) using Bayes’ rule:

p(Olyrir) — W x Dy |0)p(6), (2.1)

where p(y1.7) can be considered a normalization term which is independent of 6 [18].

Random variables can be represented by several different probability distributions.
One of the most commonly used distributions is the univariate Gaussian or normal
distribution, the pdf of which can be written as:

pla) = —— exp ( - ;(Hf) (2.2)

o2 o
where, p is the mean and o is the standard deviation. These are the main parameters
of a normal distribution and a Gaussian-distributed random variable can be defined
entirely by them. One can use the notation x ~ N (z; u, 0?) to show that a variable
is Gaussian with parameters p and o [19]. For a vector x = {x1, xa, ... xx} such
that x ~ N (x; pu, X) where p is the mean vector and X is the covariance matrix,
the multivariate normal distribution p(x) can be written as [20]:

1 1
P = ———exp (= x-S (x - ). (2.3)
y (2m)* | 2
where |X| denotes the determinant of the matrix 3. Other common distributions
such as the uniform distribution, the Gamma distribution, and the inverse Wishart
distribution will be discussed in the following sections.

As mentioned previously, filtering consists of recursively estimating the state of
an object. These recursions are performed in two steps: the prediction step and
the update step. The target state vector at time step k is denoted by x; and the
measurement vectors from the first time step to time step k is denoted by z;.,. The
prediction is done using the Chapman-Kolmogorov equation:

plxilzie) = [ pOolxopGalzi) s (24)

to find the predicted density p(xxi1]|2z1.,) and the update is performed using Bayes’
update:

P(Xk+1\z1:k+1) X p(ZkH!XkH)P(XkH\ZLk) ) (2-5)
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to find the posterior density p(xy|z1.x). In the above equations, p(xx|z1.x), P(Xk1+1|Xk)
and p(zg41|Xx41) are the prior density, the transition density and the measurement
likelihood, respectively. The transition density describes the relation between the
current object state with the previous state, and the measurement likelihood de-
scribes the relation between the measurement at time step £ and the target state at
that time.

2.1.2 Kalman Filter

The filtering equations (2.4) and (2.5) apply to all filtering problems, but there is
no general analytical expression for the posterior. There are few examples where
the posterior has an analytical expression given certain models or assumptions. The
Kalman filter computes the analytical solution to the filtering problem for linear and
Gaussian models. The general form of the linear and Gaussian state-space model is
shown below for state vector x;, € R" and measurement z; € R™:

Xp+1 = FiXi + qp, (2.6a)
Zp+1 = Hpp1Xp41 + T, (2.6b)
xo ~ N (X0, Fojo), (2.6¢)
q ~ N (@, Qr), (2.6d)
i1 ~ N(Bryrs Resr), (2.6e)

where, (2.6a) is the motion model where Fy, € R"*" is the transformation matrix
and q, is the process noise. The measurement model is described in (2.6b), where
Hj. 1 € R™" is the measurement model matrix and ry; is the measurement noise.
Motion models, also called process models, describe the kinematics of the objects
that are being tracked and how these objects are expected to move over time. The
measurements generated from these objects are described together with their prop-
erties by the measurement model, which is dependent on the sensor used to collect
them. In linear and Gaussian models the prior xq is Gaussian with mean X, and
covariance Pyjo, and so are the motion and measurement noise (2.6d), (2.6e), where
Qi and Ry are the process noise and measurement noise covariance matrices, re-
spectively. The noise distributions are also independent of each other and in time.
This means that the predicted density,

p(Xk+1|Zk> = N(Xk+1; fik+1|kz, Pk+1|k) ) (2-7)

and the posterior density,

p(XkH\ZLkH) = N(XkH; fik+1\k+1, pk+1|k+1) ) (2-8)

for these models will always be Gaussian, so it is enough to compute the moments
Kit1lk> Prtilk> Xig1je4+1 and Pyqjp41 for the predicted and posterior densities at each
time step to estimate the state of an object at that time. Here, the notation “k+1|k”
means the value at time step k 4 1 given measurements from the first time step up
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to and including time step k.

Assuming that the motion and measurement noises are zero mean, the mean and
covariance of the predicted density are calculated as:

X411k = szxk|ka

T (2.9)
Py = Fp Py by, + Qy,
and the update is calculated as:
Xt 1kt1 = X1k + Kep1€r41, (2.10)

Pk+1|k+1 = (I - Kk:+1Hk+1)Pk+1|k>

where:

€ht1 = Ykt — Hp1 Xpgr s
Sk1 = Hk+1Pk+1|kaT+1 + Ryy1, (2.11)

_ T g1
Ki1 = PrpapHp 1911

The performance of the filter and the accuracy of the estimate are highly dependent
on the chosen motion and measurement models and the noise covariances. Some
of the common motion and measurement models used for point target tracking are
described in the following sections. These models can then be expanded for multiple
targets and extended targets. In this work, all the objects are assumed to move in
a two-dimensional plane but they can all be extended to include three-dimensional
movement.

2.1.3 Motion Models

As explained previously, motion models describe the dynamics of an object. Here,

the point target state at time step k& is denoted by x; which can include the posi-
T T T
tion p = {px py} , the velocity v = [vx vy} and the acceleration a = [aw ay}

depending on the model. The linear motion model equation with additive noise
is shown in (2.6a). A motion model can also be described as a transition density

(X fxx) [21].

A common motion model is the Constant Velocity (CV) model [22]. Assuming that

T

T
X = {pT \% } , the discrete time state-space representation of the linear model is

given in (2.6a) and the F' and () matrices are:
T
, (2.12)

coc o+
co~o
—~o™~Ho

0
1
0
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where T can be the sampling time of the sensor. The motion noise for this model
will then be equal to q; ~ N(qy;0,x1, Q). This model is commonly used for de-
scribing vehicles with approximately constant speed, moving fairly straight, e.g.,
vehicles on highways.

2.1.4 Measurement Models

Measurement models relate the measurement z; at time step k to the target state x;
and describe the likelihood of obtaining a measurement conditioned on the current
state estimate, which can be represented as the density p(zx|xx). In point object
tracking, it is assumed that each target generates only one measurement at each time
step which depends on the properties of the sensors collecting the measurements.
For example, radars observe the range (distance of the object from the radar) and
bearing (the angle at which the object is positioned with relation to the radar) as
well as the range rate (the object velocity relative to the radar), see Figure 2.1. The
range and bearing values can either be used directly in the filter which can be done
with a nonlinear measurement model, or they can be transformed into a position
vector p = [p;, p,]7 and the position values can then be fed to the filter. The result-
ing measurement model will then be linear. The latter was chosen in this project.

Figure 2.1: Figure depicting a schematic of a radar (blue icon) and the values
measured by the radar which includes the range (d), the range rate (r) and bearing

(6)-
The nonlinear Range Bearing measurement model used for radars for a single target

11
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can be described as

Z, = h,(Xk) + Iry, (214)
2 2
hix) = || (VPR Py (2.15)
Or (X atan(®*)
where x, = [ps, py, vz, vy|T is the kinematic state at time step k. Furthermore,

dip(xx) and O(x;) are the range and bearing measured by the radar. The noise
in this model, ry, is zero mean Gaussian additive noise with covariance Rj. 1} is
dependent on the type and quality of the sensor. Note that r; in these equations
denotes the measurement noise and not the range rate.

Given position measurements p, and p,, one can use the linear measurement model
in (2.16) to predict the position of the generated measurements in the update step
of a Kalman filter:

Z, = HXk + ry, (216)
1 000
oo o)

2.2 Extended Multiple Target Tracking (EMTT)

The Multiple Target Tracking (MTT) problem consists of tracking an undefined
time-varying number of objects. For point target MTT, each object can be associ-
ated to at most one detection per time step and the idea is to determine the number
of objects present, and the state of the dynamic targets using sensor measurements.
In EMTT, the extent of the target is unknown and it should be estimated alongside
the position and kinematics of the target [14]. The total state vector will then in-
clude the target position, kinematics, and extent.

In EMTT, target states and measurements can be represented by Random Finite
Sets (RFS). An RFS is a random variable whose possible outcomes are sets with a
finite number of unique elements. In an RFS the set size, also called the cardinality,
is a random variable and the set elements are also random variables that belong to
the same space (have the same dimensions). Sets are invariant to order and do not
contain repeated elements, which makes them the ideal method of representing the
objects and measurements in MTT.

The target states are denoted by X, where k is the discrete-time step and each
single target state is denoted by xj, where x; € Xj. The target set is an RFS,
meaning that the cardinality |Xy| is a discrete random variable, and each target
state x; is also a random variable. The set of measurements at each time step is an
RFS denoted by Zj, which includes both clutter (measurements associated to the

12
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background or noise from the sensors) and target measurements. A single measure-
ment from the set is denoted z,. The sequence of all measurement sets, from an
initial time up to and including time step k is denoted by Z* [1]. The prediction
and update equations for this case are similar to the equations shown in Section 2.1.

Assuming that fk|k(Xk|Zk) is the prior density, fii1x(Xg+1|Xg) is the transition
density and fyi1(Zgy1|Xks1) is the measurement likelihood, the predicted density
Jr41) k(Xk+1|Zk) can be calculated with the Chapman-Kolmogorov prediction:

Sore(Xna|27) = /fk+1|k(Xk+1|Xk)fk\k(Xk|Zk)ka- (2.18)

The multi-target posterior set density fyi1jp+1(Xps1/Z"™") can then be computed
using the Bayes” update which is described by:

7.1 |X X, | ZF
fk+1|lc+1<Xk+1|Zk+1) _ fk-i-l( k-i-l‘ k+1)fk+1|k< k—&-l’l ) . (219>
S Froer(Zia | Xgon) froon e (X1 | 27) dX i

2.2.1 Data Association

One of the challenges in multiple object tracking is determining the source of each
observation. A measurement could be from an object (here called a detection) or
from the background (clutter). Deciding whether a measurement is a detection or
clutter is not a trivial task. Additionally, there might be several objects, meaning
that one should also find out which measurement belongs to which object. Therefore,
this task can be seen as a data association problem where a group of measurement
values is assigned to the set of measurement sources or objects such that a certain
cost criterion (e.g., distance) is minimized. The data association problem is made
even more difficult in extended multiple object tracking, where each object can gen-
erate several measurements.

One approach to solving this problem is by keeping track of different hypotheses
and calculating the likelihood of the occurrence of each hypothesis. In target track-
ing, a local hypothesis is a guess that a measurement or a group of measurements
are generated from a certain object or clutter at a certain time step. A track is
a collection of single target hypotheses corresponding to the same potential target.
For each object, there can be a local hypothesis tree where each leaf of the tree is one
local hypothesis for that object. For example, consider two objects being tracked
and there is one measurement z% at time step 1, two measurements at time step
2 (23, 23) and zero measurements for time step 3. For the sake of simplicity, the
targets are assumed to be point objects. Thus, each measurement can be associated
to only one object. The first object will either be detected (2} is a detection of
the first object), or not detected. The same alternatives will be true for the second
object, and the local hypotheses for the three time steps can be presented by the
local hypotheses trees shown in Figure 2.2 where each tree corresponds to one ob-
ject, and every level in the trees is one time step. In a real filtering scenario, other
hypothesis trees might show up when more measurements occur, but here, we are
thus not considering new possible object births.

13
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Figure 2.2: Figure showing two local hypothesis trees, one for object one and one
for object two. In the leaves, [] means that no measurement point is associated to
the object.

A global hypothesis is a collection of local hypotheses that may happen jointly. It
includes local hypotheses for all considered objects, but only one local hypothesis
per object. Using the leaves of the hypothesis trees, a global hypothesis lookup table
(GHLT) can be created. The GHLT will include all possible combinations (global
hypotheses) of assignments from the local hypothesis trees. In this case, there are
three ways in total for time step 1, or three global hypotheses, describing how one
can assign the measurement in the example above to either of the two targets or to
clutter. The first is that both objects, let us call them o; and o0y, are misdetected
and z{ is a detection of a new object or clutter. Thus, the first local hypothesis
for both objects in time step 1, shown as the left leaf for each object in Figure 2.2,
is used as the first global hypothesis. The second global hypothesis is that o, is
misdetected and that z{ is assigned to o, The third hypothesis is that z{ is assigned
to 07 and oy is misdetected. This is described in Table 2.1.

The lookup table for the second time step is presented in Table 2.2, where it also is
illustrated which new global hypotheses are coming from which of the three global
hypotheses in the previous time step. Using the local hypotheses trees again, if at
the previous time step assuming both objects as misdetected, then there are seven
possible options at this time step: assuming both objects are being misdetected
again, assuming o; to be misdetected and o0 to be detected by zi or 22, 0; being de-
tected by z3 and o0, misdetected or detected by 23 Finally, o, could also be detected
by z5 and o0y either misdetected or detected by zi. The same reasoning follows for
the other global hypotheses in time step one, which causes several global hypotheses
in time step 2 to be the same, see Table 2.2, but originating from different previous
global hypotheses.

The third lookup table, for time step 3, has the same number of global hypotheses as

time step 2, where each global hypothesis consists of misdetections for both objects
since there are no measurements at this time step.
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Table 2.1: Global Hypotheses Lookup Table for time step 1, where h; is a global
hypothesis and 0; and oy are object 1 and object 2 respectively. The notation []
means that no measurement point is associated to the object.

o 112

02| [I | &1 ]

Table 2.2: Global Hypotheses Lookup Table for time step 2, where h; is a global
hypothesis and o0; and o, are object 1 and object 2, respectively. The notation []
means that no measurement point is associated to the object.

GHLT,
From h; in GHLT; From hy in GHLT; From hs in GHLT;
hi| ho| h3| hy hs| he he hg| ho hid hii hig hig hig his had hag hig hag hag Do
o J| 0|0 ]2 2 25 2| 0|00 |22]2|2|2 0 |00 |22
oo [z 23 (|23 02|01zl 28| 0|25\ 0 2|0 22020 ]2

As can be seen in the tables, the number of global hypotheses grows very quickly be-
cause, theoretically, every possible way to partition the set of measurements should
be considered. In extended target tracking, the data association problem is more
complicated since several measurements can be associated to one object. The solu-
tion to reduce the number of global hypotheses is to create subsets of the measure-
ments also called clusters or partitions and then only consider how these clusters can
be associated to different objects. This means that, instead of a single measurement,
a set of measurements is associated to an existing or new track. Different clustering
methods can be used to create the partitions. In this work, DBSCAN was used with
different parameters to create an appropriate number of measurement partition sets.

2.2.2 DBSCAN

Density-Based Spatial Clustering of Applications with Noise (DBSCAN) is a density-
based clustering algorithm that groups together data points that are relatively close
to each other, considering Euclidean distance [23]. The main idea with this method
of clustering is that within the cluster, the typical density of points is higher than
outside of the cluster. The clusters can vary based on the distance between the data
points and the minimum number of points that should be in a cluster. If a data
point is not assigned to a cluster, it is considered to be clutter.

In order to find a cluster, we start at a random point and find all of the points
that are close to it based on the desired threshold and the minimum number of
points. Then these new points are investigated as well, and points close to them
are considered to be a part of the same cluster. This continues until there are no
points left that could be within the cluster. To form the next cluster the process
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is repeated with another point until all points are either within a cluster or clutter
[23]. Algorithm 1 shows a simple version of the DBSCAN algorithm.

Algorithm 1 The DBSCAN Clustering Algorithm

1: Inputs: Set of points P = {p; }}_,, cluster size threshold € and minimum number
of points per cluster m.

2: Outputs: Cluster index set for the data points.

3:

4: fori=1,...,|P| do

5: if p; is unclassified then

6: Find P, = {p; |p; € P, pj is not classified, d(p;, p;) < €}.
7 if |P;| < m then

8: The point p; is clutter.

9: Continue to the next point in P.

10: else

11: P, is a cluster.

12: for each p; € P, do

13: Find P;; = {px | pr € P, px is not classified, d(p;, pr) < €}.
14: if |P;;| > m then

15: for k=1,...,|P;| do

16: if p,. is unclassified then

17: Add p, to P; and set as classified.

2.2.3 Solving the Linear Assignment Problem

Data association, which can be seen as a linear assignment problem, can be solved
using several methods. The Hungarian linear assignment method and the Murty
k-best assignment method are the ones used in this work. The Hungarian method
is described by the following example, where a simple assignment problem can be
formulated as a data-assignment problem as such:

"How should a set of measurement clusters be assigned to a set of targets such
that no more than one cluster is assigned to each target and that a certain cost
criterion is minimized (or gain is maximized)?"

The Hungarian algorithm, also known as the Munkres assignment algorithm, solves
the optimal assignment problem using Algorithm 2 [24]. The Murty algorithm

[25, 26|, can be used to find the k& best solutions to an assignment problem. Al-
gorithm 3 shows the pseudo code for this method.

2.3 The Poisson Multi-Bernoulli Mixture Filter

In this study, the focus is on PMBM-based filtering methods since they have been
shown to have state-of-the-art performance. The PMBM filter is based on the
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Algorithm 2 The Hungarian Assignment Algorithm

1:

Inputs: Set of n clusters (i = 1,2,...,n), n targets (j = 1,2,...,n) and cost
matrix C' = ¢;;, which should be a square matrix. If the cost matrix is not a
square matrix, add dummy rows and columns with value 0 to turn it into one.
Outputs: The optimal assignment of clusters to targets.

For each row in the cost matrix, find the lowest value and subtract it from each
element in the row.

For each column in cost matrix, find the lowest value and subtract it from each
element in the column.

Mark the rows and columns that include zeros. If there are n marked lines,
we’ve found the optimal assignment which is (7, j) such that ¢;; = 0.

If not, find the smallest value that is not a member of any these marked rows and
columns and subtract it from each element that are not included in the marked
lines and add it to the elements included in the marked rows and columns.
Continue until the optimal assignment is found.

Algorithm 3 Murty’s k Best Assignments Algorithm

1:

Inputs: Set of n clusters (i = 1,2,...,n), m targets (7 = 1,2,...,m), cost
matrix C' = ¢;; and the number of solutions k.
Outputs: The k optimal assignments of clusters to targets.

Find the best assignment a} = {(i1, j1), - - -, (in, Jn) } using an optimal assignment
algorithm such as the Hungarian algorithm.

Denote the nodes in the best assignment by N, N,,...,N,_1, where
Ny = A(i,51)}, No = A{(i1,71),(i2,52)}, and similarly N,; =
{(i1,41), (12,92)s - -, (in—1,Jn-1)}- The set of all possible assignments is denoted
by A and each node is a non-empty subset of A. The bar above one cell in each
node indicates exclusion of that cell for the next calculation. The exclusion is
necessary to find if there is a next best solution regardless of how the association
is made. The nodes are mutually disjoint with union A \ {a}}.

For a general stage k, assume that assignments aj, a3, ..., a;_; have been de-
termined. The best assignment for node N; and cost C(a;) is denoted by a;.
The global best assignment for stage k will then be equal to aj = a; where
i* = argmin;C(a;).
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PMBM conjugate prior for extended target tracking. It models the targets as a
union of two disjoint random finite sets of detected targets and undetected targets,
which, alongside the conjugacy, allows for an appropriate Bayesian formulation of
the extended target tracking problems [27].

2.3.1 PMBM Density

The set of targets X in the PMBM filter is defined as a union of two disjoint ran-
dom finite sets representing the undetected targets X* and the detected targets X¢
which are modeled as a Poisson Point Process (PPP) and a Multi-Bernoulli Mixture
(MBM) distribution, respectively.

A PPP is an RFS with a Poisson distributed set size. It has independent and
identically distributed (i.i.d) elements, with an intensity of D(x) over one target
state set. The intensity can be represented as D(x) = pf(x) where p is the positive
Poisson rate and f(x) is the spatial distribution. The PPP density is:

F(X) = e [ D(x) = e [ uf (). (2.20)

xeX xeX

where (-;-) denotes the inner product. A Bernoulli process is an RFS which has the
distribution:

1—r, X=90
fX) = qrfx), X={x}, (2.21)
0, IX| > 2

where 7 is the probability of existence and f(x) is the existence-conditioned proba-
bility density function of a single element.

The Multi-Bernoulli (MB) density for a set X is represented as

Ewieﬂxizx [Tier fiXiu X[ <[]

, 2.22
0 x| > |1 (2:22)

-

where I is the index set of all the Bernoullis in the Multi-Bernoulli and X is a union
of a fixed number of independent Bernoulli RFSs X’ where X'N X7 =0, 4, j € I
and X = U;erX". An MBM density is a normalized, weighted sum of MB densities,
which can be represented by the parameters:

{(W7, {7, 74 Yiew ) Ve, (2.23)

where W7 is the weight for the jth MB, r?* and f7%(.) are the existence probability
and the existence-conditioned pdf for Bernoulli ¢ in the jth MB, J is the Multi-
Bernoulli index set and IV is the Bernoulli index set for the jth MB.

To connect these densities to an example, assume two objects being in the field
of view of a radar. The field of view (FOV) is the area that the radar can observe.
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Then, each object will be represented by a Bernoulli. The MB will in this case
be one global hypothesis, e.g., including both objects. An MBM includes several
global hypotheses, e.g. including the previously defined MB and an MB assuming
one object to be true and one to be clutter. The target set is thus a PMBM density
with the parameters shown below:

D, {(W9, {77, 1) Yiew ) bes » (2.24)

where D is the PPP intensity, and W7, r7* and f7(-) are the MBM parameters.
When solving the MTT problem with this filter the number of Bernoulli compo-
nents in the MBM increases exponentially and after only a few time steps handling
all of the hypotheses becomes intractable. This means that appropriate reduction
methods, such as pruning and merging, should be used to reduce the number of
PPP components and Bernoullis.

PMBM densities are closed under the prediction and update steps, meaning that
for standard multi-object models, choosing a PMBM prior will ensure that the pre-
dicted and posterior distributions are also PMBM without approximation. This
means that the PMBM density is a conjugate prior in this context [28, 29]. The
conjugacy allows us to know the theoretically exact form of the density and find ap-
proximations of the density parameters using metrics such as the Kullback Leibler
Divergence (KLD), which is explained further in Section 2.4. Thus when performing
the prediction and update steps in the PMBM filtering recursions, one only needs
to compute the new PMBM density parameters shown in (2.24).

2.3.2 Extended Target Measurement Model

Figure 2.3: Figure depicting an ellipse-shaped object and possible measurements
generated from it.

In this thesis, it is assumed that the measurements are independent and identically
distributed (i.i.d). They are assumed to be generated from both the contour of and
the area within the object, which is assumed to be ellipse-shaped, see Figure 2.3,
where the red dots are measurements and the black contour represents the object.
The PPP extended target measurement model is used to represent these measure-
ments. The set of measurements Zy = {z2™},,em consists of clutter and target-
generated measurements which are independent. Here, Ml is the measurement index
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set. A target x is detected with probability of detection Pp(x) and if detected, the
measurements are modelled as a PPP with intensity v(z)¢(z|x), where v(x) is the
measurement rate and ¢(z|x) is the spatial distribution of the measurements, which
is assumed to be Gaussian in this work. The clutter is modelled as a PPP with
intensity k(z) = A\c(z), where \ is the clutter rate and c(z) is the clutter density.
The conditional measurement set likelihood for a non-empty set of measurements is

described by:

lz(x) = Pp(x)p(Z|x) = Pp(x)e"™ T] 7(x)¢(z]x). (2.25)
zEZ
The probability of generating at least one detection is 1 — e~ 7™®) which means that
the probability that a target is detected will be equal to Pp(x)(1 — e ™). The
probability that a target is not detected is equal to gp(x) = 1 — Pp(x)(1 — 7))
and thus the conditional likelihood for an empty set of measurements will be equal
to:

lp(x) = qp(x) = 1 — Pp(x) + Pp(x)e 7™, (2.26)

2.3.3 Extended Target Motion Model

In MTT, objects can appear and disappear at every time step. The appearance of a
new object is called object birth and the disappearance of an object is called object
death. In this work, object birth is modeled by a PPP with intensity D?(x) and at
each time step N?, new targets appear independent of existing targets according to
the target birth model.

The targets survive from time step k£ to time step k + 1 with the probability of
survival Pg(x;) and the independent target states evolve based on the transition
density fii1x(Xk+1/Xx), which depends on the dynamics of the object and the spa-
tial representation.

2.3.4 Extended Target State Density Representation

There are several models which take into account the spatial distribution of the tar-
gets as well as the kinematic state of the targets. In this work, the Random Matrix
Approach was used to represent the targets.

The Gaussian inverse Wishart (GIW), which is a random matrix model, relies on
the elliptic shape. It models the kinematic state as a Gaussian distribution and the
spatial distribution of the object as an inverse Wishart distribution shown below:

VI
PR N
2 2 Fd(%)
where x denotes the extent, v is a scalar parameter representing the degrees of free-
dom, d is the dimensionality of the extent, and V' € R%*? is the extent matrix. Both
the spatial distribution of the Poisson components and the existence-conditioned

IWa(x;v,V) = |5 e | (2.27)
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pdf of the Bernoullis are represented by Gamma Gaussian inverse Wishart (GGIW)
distributions. The GGIW is based on the GIW distribution but it incorporates
the estimation of the Poisson target measurement rate as well. The Gamma dis-
tribution, the pdf of which is shown below, is used to represent the density of the
measurement rate «y [14]:

ba,.ya—le—b'y
['(a)

where, I'(.) is the Gamma function [30]. The state vector in this case is comprised of:

GAM(v;a,b) = : (2.28)

o The kinematic state £, which includes the dynamic properties of the object
such as position, velocity or turn-rate.

o The extent x, which includes parameters that determine the shape and the
size of the object, as well as the orientation of the shape (e.g., length and
width of vehicle).

o The measurement rate v, which determines how many measurements are gen-
erated at each time step.

The total target state density in this case can be represented by:

f(x) =GGIW(x;a,b,m, P,v,V)

= GAM(7;a,b) N(&m, P) x IWq(x;v, V), (2.29)

where, GAM(v;a,b) is a Gamma distribution with shape a and rate b, both of
which are scalar, N'(§;m, P) is a Gaussian density with mean m € R™ and covari-
ance P € R™"™ and ZWy(x;v,V) is an inverse Wishart density with scalar degrees
of freedom parameter v and parameter matrix V' € R%*? [31]. Further, the extent
can be dependent on the kinematics, which is represented by x.

The motion model used in this work for the prediction of the GGIW density consists
of three models used to predict the Gaussian, the inverse Wishart, and the Gamma
density parameters:

S = F(&) + ay, (2.30)
Xk+1 = M(fk)XkM(f)Ta (2.31)
Vi1 = Vi - (2.32)

The Gaussian kinematic state £ is predicted using a kinematic motion model, see
section 2.1.3. The prediction of extent x which is shown in (2.31) is similar to
that of the process noise covariance of a Gaussian distribution. The Transformation
matrix M (&) represents the changes in extent resulting from the movement of the
object which means it is dependent on the object’s kinematic state £. This results
in nonlinearities in the model, which is why M (&) is assumed to be equal to the
identity matrix I .4 to obtain a linear model. This is a reasonable assumption since
the object is moving with constant velocity and does not change direction so often
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and the extent should remain the same over time [14]. The measurement rate ~ is
also assumed to be constant over time as seen in (2.32).

2.3.5 PMBM Prediction

The predicted PMBM density given a standard dynamic model, is a PMBM with
parameters:

D-‘m {(Wi7 {Tiiv «J#Z()}ze]ﬁr) }jEJ+ ) (233)

where the predicted Poisson density D, is dependent on the probability of sur-
vival, the motion model, and the birth model. Each Poisson component survives
from the previous time step to the next with the probability of survival Pg, which
means that the Poisson weights are multiplied by Pg. Furthermore, at each time
step, there is a possibility of new potential objects appearing in the FOV. This is
modeled by appending the Poisson birth model to the predicted PPP at each step
and re-normalizing the Poisson weights. The predicted PPP can then be calculated
as:

Nb N
Dy = Y ut"GIIW(xi (™) + 3w PR IGIIW( ™).y oy
n=1 n=1 .

where, “u,n” denotes the nth Poisson component, “b, n” denotes the nth birth com-
ponent, and N, and N, are the total number of Poisson components and birth com-
ponents, respectively. In these equations and further, it is assumed that Ps(x) =
Ps(x), and Pp(x) = Pp(Xx), where x is the expected value of x, i.e., X = [ xf(x)dx.
The vector ¢, which is the predicted GGIW state density, is calculated by perform-
ing prediction for the GGIW with parameters ( = {a,b,m, P,v,V'}:

a+:%
b_t,_:%
my = Fm
¢ =M , (2.35)

P, = FPFT +Q
—Ts

vy =2d+2+e 7 (v—2d—2)
Vi =e = MEVME)T

where, d denotes the dimension of the extent, T is the sampling time, 7 is the
maneuvering correlation constant or extent decay rate which regulates the rate at
which the extent grows or shrinks over time, and 7 is the measurement rate pa-
rameter which affects a and b. Note that the kinematic parameters m and P are
predicted using the Kalman filter prediction equations.
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The predicted MBM also depends on Pg such that each Bernoulli component which
is a detected object survives from the previous time step to the next one with the
probability of survival Pg, which allows us to model object death or disappearance
from the FOV. Thus the Bernoulli existence probabilities are multiplied by Ps, the
predicted Bernoulli state densities are calculated using the equations in (2.35) and
the MBM weights remain the same in the prediction step, which can be described
as:

i = Py(x"")r,
fIH = GGTWI(x; ¢4, (2.36)
Wi =Wwj,

where, “7,7” denotes the ith Bernoulli in the jth multi-Bernoulli.

2.3.6 PMBM Update

The goal in the update step is to find the posterior PMBM parameters in (2.24) given
the predicted parameters in (2.33) and the measurement set Z;. The PMBM update
consists of several steps. The measurement set is first partitioned into disjoint clus-
ters several times as explained in Section 2.2.1 to create different global hypotheses.
The set M is the index set of the current measurement set Z = {2 },,em.

Detection and misdetection hypotheses are created for each Bernoulli density (de-
tected object). The detection hypotheses are created by updating the Bernoulli with
the measurement clusters as shown below:

’I“C =1,
5 (x) = GITW(x: C) (2.37)
L = ri Pp(XE)0G -

It is evident that if a detected object is detected again, then it must certainly exist
in the field of view. Therefore when updating a Bernoulli state density with a mea-
surement cluster C, the existence probability is changed to 1. The likelihood for this
detection hypothesis is dependent on the existence probability rii, the probability
of detection Pp and the predicted measurement likelihood for this cluster £ which
is calculated using the equation in (2.39). The GGIW state density gg is found by
updating Cil with cluster C. The GGIW density update is performed as shown:

a=ay+|C|
b=b, +1
c= M= met ke , (2.38)
P=(1-KH)P,
v=uvy +|C]|
V=V, +N+Z
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And the predicted measurement likelihood for C is equal to:

where:

=

vp—d-l v—d—1y| %[l a
g g Vel T T IX T T (@) (b)) (2.39)
v—d-1 vy —d— A lCl=L 5 ’ ‘
VI Ta(255) R T [S[2 T (ay ) ()
| i
7 = — z
a2
7= (z-2)(z -2,
z'€C
X = V+('U+ — 2d — 2)717
e=27Z—Hmy,
o em (2.40)

The parameter q,,, is a scaling factor, also called the multiplicative noise. Similar
to the GGIW prediction, the kinematic parameters are updated using the Kalman
filter update equations.

If a Bernoulli is misdetected, the existence probability T%Z decreases according to
the probability of misdetection gp = 1 — Pp(x)(1 — e *®)). The Bernoulli misde-
tection hypotheses are thus created as shown below:

where:
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Ty = G i g0
l—ri +rigp (2.41)
f3(%) = w'GGIW(x; ¢I*) + w3 GGIW (x; 3"), |
f =1,
. - - AN
2 =1— Pp(x"") + Pp(x"")( —
ah o(3) + P& (7))
wi' = (gp) (1 = Pp(x™)),
. . . bt @i (2.42)
It 2,0\ —1 YK
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To create hypotheses for new detections of previously undetected objects, the PPP
components are updated with the measurement clusters and transformed into Bernoullis
with the parameters:

Y 1 if |C| >1
Te = ,
° s if|0 =1

N W P (R GGIW(x; C5")

U () — n=1 - - aa ’
et S W P (X7

n=

NU
b= 3wt Py (RS
n=1

(2.43)

If the cluster C contains only one measurement, the existence probability r¢ will
depend on the clutter intensity x and the likelihood L¢.

Once the local hypotheses are created by updating the PPP and Bernoullis with the
measurement clusters, the most likely association of clusters to Bernoullis should
be found. The set A is the set of all data associations A given the predicted hy-
pothesis. Each cluster is assigned to a new track or an existing track. Each cluster
can be associated to only one track, new or existing (predicted) and each predicted
track can be assigned to either one cluster or no clusters. Clusters not assigned to
a predicted track represent a new track.

Each of these clustering and cluster-track association pairs is a partition in M W I,
where I is the index set of the predicted Bernoullis. The data association A con-
sists of partitioning this set into non empty disjoint subsets C € A which are called
index cells. Each index cell can have either zero or only one Bernoulli index i© and
Cc is the measurement cluster corresponding to the index set C or C¢ = U, enincz™.

For each global hypothesis, a cost matrix is created using the measurement likelihood
values and index cells for each local hypothesis. Each row represents a measurement
cluster and each column represents a track (already existing or newly created). This
cost matrix is used to assign the clusters to the tracks based on the likelihood values.
The best M global hypotheses or data associations are then found by using a k best
assignment algorithm such as the Murty algorithm. For a data association A, the
likelihood of association L 4:

LA: H L%C H Liéccc H LiC’

CeA: CeA: CeA:
CNI=0 CNI£D CNIAD
CNM#D CNM£) CNM=0
) KCC + (D% le.), if |Ccl =1 (2.44)
(DY ey, if |Cc|l>1

Li(qj:c = 7J<f17€CC> )
L =1—7r"+71'(["q"),
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can be described as the product of three parts:

» measurements associated to background (clutter or previously undetected ob-

jects),

» measurements associated to a previously detected targets ,

o previously detected targets that are misdetected.
The weights of the global hypotheses, or the weights for the resulting Multi-Bernoulli,
can then be calculated by normalizing the association likelihood:

Ly
Wa S (2.45)

Enumerating all possible associations after several time steps is computationally
intractable, so it is better to truncate associations with negligible weights [14]. The
PPP intensity is then updated with misdetections. The resulting PPP intensity is
as described as:

N

D(x) = > (wi"GGIW(x; (") + wy " GGIW(x; ™)), (2.46)

n=1

where:

= (1= Pp(E"")u™,

pusn U
un P R u,n
wi" = Po&"") (o I D) e (2.47)
i‘bvn — 1771’

u,n __ u,mn U, u,mn U, UTL u,mn
" ={ay" b+ Lm " Pt ol VT

The global hypothesis look-up table is then updated based on the new associations.
The required reduction steps (pruning, capping, merging, etc.) are then performed
to reduce the number of local and global hypotheses and thus the complexity. These
steps are further discussed in section 2.3.7. After reduction, the global hypothesis
look-up table is re-indexed and the posterior PMBM will have the density:

fX|Z) = > XM Y Y WARAXY),

XuwX3=X j6J+ AcAJ
fUX) = e Py l;[(“D“ (2.48)
XY= 3 I faxO).

WeeaXC=X CeA

2.3.7 Complexity Reduction

The computational complexity of the PMBM tends to increase over time, and if
nothing is done to decrease the complexity, it quickly becomes very expensive or even
unfeasible to solve [27]. Several methods to decrease the complexity are therefore
used, where gating, pruning, capping, merging and recycling are some of the most
common methods [32].

26



2. Theory

Gating

Gating consists of only updating Bernoullis and Poisson state densities with mea-
surements that lay within an area around the densities. A common method of gating
is ellipsoidal gating, where the gating area around the state density is formed as an
ellipse. The gate has to be sufficiently wide so as not to miss the object considering
the measurement noise, the extent and the movement of the object [33].

Pruning

After updating the PMBM one can reduce the number of MBs by pruning or re-
moving MBs with weights smaller than a certain threshold and normalizing the
mixture weights again. Pruning can also be done for Bernoullis within each MB
by removing Bernoullis with small existence probabilities. PPP components with
negligible weights can be pruned as well [29]. Note that the PPP weights should
also be normalized after pruning.

Capping

In capping, the number of Bernoullis and MBs is limited to a constant value. The
MBs with the highest weights and the Bernoullis with the largest existence proba-
bilities should be chosen. This value should be tuned based on the complexity of
the scenario [32].

Merging

Merging consists of combining two or more densities with similar distributions to
obtain one. The merging method and its complexity depend on the distribution.
For example, Gaussian densities can be merged by performing moment-matching to
find the parameters of the final merged density.

Recycling

Recycling is a method used to reduce the number of Bernoullis in a Multi-Bernoulli
by converting all Bernoullis with a lower existence probability ¢ than a threshold 7,
to Poisson Point Process components and assuming that they are undetected objects

[1]. The new PPP intensity (D, (z)) is described by:

Dyey(2) = D"(x) + ) i'g'(x), (2.49)
LE]T:W<T,«

where, g'(z) is the existence conditioned probability density function for Bernoulli
in the approximating MB g(x), thus one of the Bernoullis in the approximated MB.

A

I is the index set of the approximated Bernoullis.

2.3.8 PMBM Estimation

An optimal estimation for a target tracker uses an evaluation metric to continu-
ously evaluate and minimize the metric. However, ground truth may not always be
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available during tracking. Therefore, several sub-optimal estimators that are easy to
compute have been developed for the PMBM filter. Three estimation methods, one
used in MHT, one in §-GLMB, and one developed for the PMBM are all presented
and evaluated for the PMBM filter in [6] for different clutter rates and probabili-
ties of detections. For cases similar to ours regarding clutter rate and probability
of detection, the estimator developed for the PMBM yielded the best result. This
method can be described in two steps, first, the global hypothesis with the highest
weight is chosen according to

§* = arg max W7, (2.50)
J

where W7 are the MBM weights and n is the number of global hypotheses. Then,
all Bernoulli components with greater existence probabilities than a threshold 7.4
are taken as estimates [6]. The threshold 7.4 is thus representing the number of
misdetections an object can have since the probability of existence depends on the
probability of survival and probability of detection.

2.4 The Poisson Multi-Bernoulli Filter

As mentioned in the previous sections, when using the PMBM filter the number
of Multi-Bernoullis increases exponentially, which is why in [1] the extended target
PMBM prior density is estimated as an extended target PMB density by approxi-
mating the MBM in the posterior as a single Multi-Bernoulli. This was shown to
lead to a lower computational cost while maintaining relatively good performance
and low estimation error.

The PMB set density can be defined entirely by the parameters:

Du,{TZ,fZ(')}Z‘eH, (251)
where D" is the PPP intensity, r* is the existence probability of Bernoulli 7, fi(-) is
the existence-conditioned pdf of Bernoulli ¢, and I is the Bernoulli index set. Given
a prior which is a PMB, the predicted density will also be a PMB but the posterior
will be a PMBM density fyx(-) with parameters in (2.24) due to the unknown

data associations. This PMBM density should be approximated as a PMB fk|k()
while retaining as much information as possible. This can be done by minimizing
the Kullback-Leibler divergence (KLD) between the densities, which is a measure of
distortion caused to an entire multi-target density when approximating it by another
multi-target density [7]. For two densities fi(X) and f(X), the KLD is defined as
[34]:

Dier (H0N17:00) = [ A0 105 (15 )ax. (252
where, for X = {x1,...x,} the set integral is described by:

/f(X)cSX:f(@)%—g:l;!/---/f({xl,...xn})dxl...dxn. (2.53)
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The approximation problem can then be written as:

fun(X) = min Dy (fn(X0)l| (X)) (254)
!

Solving this problem analytically is intractable for EMTT and an appropriate ap-
proximation method should be used [1]. The PPP that represents the undetected
target does not have to be approximated, so the main problem is approximating an
MBM as an MB by minimizing the KL divergence. Assuming that f(X) denotes
the MBM, where each MB is represented by f7(X) and ¢g(X) is the approximating
MB, the main problem can then be written as:

o(X) = min Dics (£(X)]19(X)) (255)

There are several challenges that one faces when solving this problem. The first is
determining the number of Bernoullis in the Multi-Bernoulli RF'S since the MBs at
different time steps do not necessarily have the same number of Bernoullis. The
second challenge is determining which Bernoullis should be merged to form the MB
posterior and the last one is choosing a method for merging the Bernoullis. We
can either use the merging technique in the Track-Oriented Poisson Multi-Bernoulli
filter (TO-PMB) or the one used in the Variational Multi-Bernoulli (VMB) filter.

2.4.1 Track-Oriented Poisson Multi-Bernoulli

The Track-Oriented PMB (TO-PMB) filter is based on merging hypotheses belong-
ing to the same track across different global hypotheses. An example showing how
this is done is presented in Section 2.4.2. This is done to obtain a single Bernoulli
representing that track. In this method, the single target hypotheses that are up-
dating different tracks are assumed to be independent. This assumption does not
always hold, since there could always exist measurement partitions that update dif-
ferent tracks but share measurements, and assuming that they are independent can
lead to large errors. Therefore the VMB filter is preferred since it breaks down the
problem into two sub-problems concerning the formation of existing tracks and the
formation of new tracks. This way we can find a minimum upper bound for the KL
divergence problem and thus the approximating MB.

2.4.2 Variational Multi-Bernoulli

The point target Variational Multi-Bernoulli (VMB) can be used to find the ap-
proximating MB because, in the extended target PMB filter, the number of existing
tracks remains the same [1]. This means that when the PMB density is updated, the
same number of predicted Bernoullis are updated in each global hypothesis, so the
number of existing objects (tracks) is the same across global hypotheses. In VMB
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we minimize the KLD:

argmin DKL(f(X)Hg(X)) = argmin[/f(X)log (ggg)dX]

—argmln[/f )log f(X))dX} —argmln /f X)) log( (X))dX} (2.56)

—argmax[/f ) log( (X))dX],

where f(X) is the MBM and ¢(X) is the approximated MB. In the equation, the
term [ f(X)log(f(X))dX is constant with respect to the minimization variables,
which means that it can be neglected. This minimization problem can be solved
by using the Expectation-Maximization method to get an approximate solution in
form of a minimum upper bound. This method provides a mechanism for machine
learning inference (deployment of a trained machine learning model in a production
environment) on distributions where the machine learning process would be easier
if additional data were included alongside the observations. Thus to approximate
the density u(y) with the density v(y), we should find the v(y,y*) that maximizes
the log likelihood:

£() = [ u()log(Y vly, y*))da (2.57)
y*
where y* is the unobserved (latent) data or the missing data. This problem can then
be solved in two steps:
o E-Step: Calculate the expectation of the missing data distribution.

a0y, YY)
q(y*ly) = SR (2.58)

o M-Step: Calculate the parameters of v(y, y*) which maximizes the completed
log likelihood:

Z/q v ly)u(y) log(v(y, y*))dy (2.59)

Thus, the upper bound of the negative log likelihood is minimized by using a coor-
dinate descent method. The minimization is done with respect to both the model
parameters and the missing data distribution and is guaranteed to converge to a
local minimum.

Formation of Existing Tracks

As discussed in the previous section, correspondences between f(X) and ¢g(X) can
be treated as a missing data problem. The MB integrals can be simplified to a series
of Bernoulli integrals and the log-sum inequality can be used to find an approximate
upper bound for the objective [35]:

Dyp=— Y WigE)y / FTO0)(X) log(g'(X))dX, (2.60)

jel, ﬂ'GHJ el

30



2. Theory

where, N = [I| is the number of Bernoullis that correspond to existing tracks in each
MB of f(X) (which is equal for all MBs) and the approximating MB ¢(X), ITy is
the set of all the ways to assign Bernoullis f7/(X") (i € I, j € J) to the Bernoullis
g“(X") (v € 1), ¢’(n7) is constrained to vary with the jth MB and follows ¢’(77) > 0
and 3y ¢’ (77) = 1. This problem can be solved using block coordinate descent
which should be done with approximations due to combinatorial complexity. There
are two methods for solving this which result in two variations of the VMB: The
Most Likely Assignment PMB (MLA-PMB) and the Efficient Approximation of a
Feasible Set PMB (EAFS-PMB).

Most Likely Assignment

The Most Likely Assignment (MLA) PMB is a variation of the PMB filter which
differs based on how the existing tracks are formed. The filter uses a method sim-
ilar to the Kullback-Leibler Set Joint Probabilistic Data Association (KLSJPDA)
filter [36]. We use the fact that in the PMBM conjugate prior, each global hypoth-
esis (MB) has the same number of existing tracks (Bernoullis representing existing
tracks) and that the multi-target RFS is order-invariant. We assume that different
Bernoullis in different MBs are merged if they have the same superscript i (if they
correspond to single target hypotheses updating the same track) and only Bernoullis
with the same superscript can merge. Then we can permute (reorder) the Bernoullis
in each MB such that the upper bound is minimized but the density of the MBM is
not changed. This is done by finding the single most likely assignment 47 for each
MB f7(X). Thus the missing data distribution for each MB will be a point mass

¢(77) = 1.

7l = argmm - Z/f] 0 (X) log(g"(X))6X, j € J (2.61)

el

This assignment problem can be solved for 7/ using the Hungarian algorithm. The
minimization with respect to the approximating MB ¢(X) is then simplified to:

argmin Dy (3 W70 (X700 () ) (2.62)

j€J

Efficient Approximation of Feasible Set

Efficient Approximation of Feasible Set (EAFS) PMB is, similarly to the MLA-
PBM, a filter type which differs from the other PMB filters regarding how the
existing tracks are formed.

In this filter, since the missing data problem involves missing data for each MB
in the PMBM density, the problem can be approximated as:

arg min — Z/ ( > q(h, ) M(X >log( “(X))oX, (2.63)

g(h)eEM heH

where H is the index set of single target hypotheses included in the global hy-
potheses, g(h,¢) is the weight of Bernoulli f*(X") in f(X) that is assigned to the
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approximating Bernoulli ¢*(X*) and M is the feasible set (an approximation which
is needed for tractability) and it’s defined as:

M ={q(h,t) > 0] > q(h,t) =1Veel, Y q(h,t) =py Vh € H}, (2.64)
heH L€l
where:

pr=2_p(h),  puh) =D W00 xe0y (fH(X")), LeL (2.65)

el j€eJ
Here each approximating Bernoulli is formed as a weighted sum of different single
target hypothesis densities. In this case the M-step will be:

argmmDKL< > q(h, ) fM(XM)]]g"(X )> (2.66)

heH
and the E-step becomes:

arg min Z Z (h,t /fh ) log ¢*(X)6X,

q(ht)  heH el

s.t. Zq hyt)=p, Vh e H,
el (2.67)

> q(h,) =1V e,

heH

q(h,t) >0VheH, eI,
which can be solved using the Simplex algorithm [37].

Formation of New Tracks

New tracks are created by merging the Bernoullis that are highly dependent across
different Multi-Bernoullis. This ensures that there won’t be several Bernoullis in the
same region and that significantly different Bernoullis won’t be merged. A suitable
metric for similarity could be the Symmetrical Kullback-Leibler Divergence (SKLD)
which is shown below:

Dskr(pil|lp2) = Drr(pillp2) + Drr(pallp1), (2.68)
where the KL divergence between two GGIW densities is calculated as:

Dxr, (pl( )| [pa(x /p1 ) log <£1EX;) dx. (2.69)

In order to calculate this value, the densities can be factorized into their three parts
and the KL divergence can be computed for each part separately:

Dgr, (pl(x> | ’p2(X)) = Dkr, (Q.AM(’Y; ag, b1) | IQAM (’Y; agz, bz))
+ Dice (N (& ma, RN ma, ) ) (2.70)

+ Dict (TW06 00, WIIZW(G 0, V2))
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Equations (2.71), (2.72) and (2.73) show the KL divergence for the Gamma, Gaus-
sian and the inverse Wishart distributions, respectively [38, 39].

Dict (GAM(3: 01, b0) |GAM(3: 03,b2) ) = a log(bn) — az log()

or ()~ () o

+ (a1 — az) (Yo(ar) — log(br))

1
DKL(N(g;mlaP1)||N(£;m2yp2)> = 2(log |Py| —log | P1| — ng

(2.72)
+ TP P+ (= ma) Py my = o))
v — d—1 _1
vy —d—1 I, (2g=t

La(*5)

d .
Uy — vy Ul—d—]) (Uz—d—]>

S a0 Iy (2 J
M j1¢°< 2 * 2

where I" is the Gamma function, I'; is the multivariate gamma function for d which
is the dimension, vy is the Digamma function and Tr[V] is the trace of matrix V.
n, is the number of elements in the kinematic state vector m.

In order to further explain the differences between the TO-PMB, the MLA-PMB,
and the EAFS-PMB, a simple example is provided here which is borrowed from [1].
Figure 2.4 shows an MBM which is the result of updating a predicted MB with mea-
surements, and this MBM has three global hypotheses with two predicted Bernoullis
(existing tracks) and several objects that are detected for the first time (new tracks).
These new objects are rather closely spaced, so it is difficult to tell how many new
objects are there. For simplicity, it is assumed that each Bernoulli has an existence
probability of 1 and that there is no misdetection. All of the updated and new
Bernoullis should be merged appropriately to find the approximating MB ¢(X).
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(a) Global Hypothesis 1 (b) Global Hypothesis 2 (¢) Global Hypothesis 3

Figure 2.4: Examples of three global hypotheses, where the colored ellipses are
local hypotheses. The red and the blue ellipses are representing existing tracks,
while the and magenta ones represent new tracks. The figure is taken from
[1] with permission.

In TO-PMB, all local hypotheses belonging to one track are merged based on their
MBM weights. Thus, the order of the Bernoullis in the MBM is important. The
Bernoullis resulting from merging the existing tracks and new tracks will thus contain
the Bernoullis:

gl — Wlfl’l + W2f2,1 + W3f3,1
92 — W1f1’2 + W2f2,2 + W3f3,2
g3 — W1f1,3 + W2f2,3 4 W3f3,3
g4 — Wlfl,4 + W2f2,4

(2.74)

where ¢* are Bernoullis in the approximating MB, W/ are the MBM weights, and the
plus sign represents the merging of densities and not a simple addition operation.
We now have an approximate MB with four Bernoullis which will be used in the
MLA-PMB and EAFS-PMB approximations.

In MLA-PMB, we should find the most likely permutation of Bernoulli components
for each MB. In this example, the most likely permutation is found by switching
the order of f3! and f32 because it minimizes the KLD. This means that according
to this merging method, the blue Bernoullis in all global hypotheses and the red
Bernoullis in all global hypotheses, belong to the same object, respectively. After
the permutation, the first two Bernoulli components are defined as:

gl — Wlfl’l + W2f2,1 + W3f3,2
g2 — W1f1,2 4 W2f2,2 4 W3f3,1 (275)

The EAFS-PMB also uses the approximating MB found by using the TO-PMB
merging method as a starting point for minimizing the KLD. In this method a
portion of the weight assigning f*! to ¢! should be shifted to ¢? and similarly a
portion of the weight assigning f3? to g2 should be shifted to g'. Thus, the first two
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Bernoulli components can be defined as:

gl — Wlle 4 W2f2,1 4 (W3 . Aw)f3,1 4 Awf3,2
g2 — W1f1’2 4 W2f2’2 + (W3 _ AW)f3’2 4 AWfS’l

where, both the weight of f3?2 in ¢! and the weight of f>! in ¢ are 0 < AW < W3,
given by the optimal g(h, ¢).

(2.76)

2.5 Evaluation Metric

For point objects, the estimation results can be evaluated using the Euclidean dis-
tance as an estimation error between the ground truth and the estimated state.
Further, the relation between correctly assigned elements needs to be compared to
false and missed detections. This can be done using the Generalized Optimal Sub-
Pattern Assignment (GOSPA) metric [40]. However, when doing extended object
tracking, one needs to also consider the shape of the object. This can be done using
GOSPA with the Gaussian Wasserstein (GW) distance metric, where the distance
between the true and the estimated densities are measured. According to [14], it
can preferably be calculated using the Gaussian-Wasserstein distance for elliptical-
shaped objects.

2.5.1 Generalized Optimal Sub-Pattern Assignment Metric
(GOSPA)

GOSPA [40] is an evaluation metric commonly used to evaluate target tracking
performance. More specifically is it used to evaluate the estimation results compared
to ground truth by including three different criteria in its evaluation; localization
error, misdetections, and false detections. GOSPA is originated from the OSPA
metric [41] and can be split into two parts:

1. Find an optimal one-to-one assignment between the estimated objects and
the ground truth objects such that pairs are left unassigned if the distance
d(x,y) is larger than a comparison threshold ¢, i.e., d(x,y) > ¢, where z is a
ground truth state and y is an estimated state. Unassigned true elements are
referred to as missed detections and unassigned estimates are referred to as
false detections.

2. Set the cost for the assigned and unassigned elements. Set the cost for the
assigned pairs to their distance and set the cost for the unassigned elements
to ¢/a.

The formal definition of GOSPA, in the case where the cardinality of true states | X|
is smaller than the cardinality of the estimated states |Y| is described by

X > z
Lglnig (X @@ar) + S (v1- m))] , 1)

where m € II,, is a sequence (7(1),...,m(n)) of all permutations {1,....n}, n € N.
X and Y are the ground truth and the estimations, respectively, where x;, y; are
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representing single targets in the sets. p is a penalty 1 < p < oo defining how much
the outliers are penalized and « is a parameter used to determine the cardinality
mismatch together with the comparison constant ¢, ¢ > 0 [40].

In [40], it is argued that o = 2 is the most appropriate value to use in GOSPA.
That makes the cost for a single unassigned target the same regardless of whether
it is associated to another target or not. Using o = 2, the equation can be written
as

1

c? '

. AV = _ _
(i,5)€¢ #missed #false

where |¢| is the cardinality of the properly associated targets and ® is the set of
all possible assignments. In the summation, the first term represents the estimation
error and the second term is a penalty for unassigned targets which consist of missed
detections and false detections [40].

2.5.2 Gaussian-Wasserstein Distance

The GOSPA metric is useful to measure distances between sets, but it assumes that
there is a distance metric d(-) that can take two state vectors and measure the dis-
tances between them. For extended objects, the distance between the states should
reflect how accurately the estimated shape corresponds to the true shape, which
means that standard norms such as the Euclidean norm cannot be used, which is
why the Gaussian-Wasserstein distance is a good alternative.

The Gaussian-Wasserstein distance is a way of calculating the distance between
elliptically shaped densities. This metric is suitable for EMTT because it consid-
ers the extent of the object alongside their dynamic state vectors. It measures
the “mass” needed to transform one density to another one, and the Wasserstein
distance between two multivariate Gaussians can be expressed as [42]

AN, N3)? = ||my — mal|* + Tt (Px + P2 @PNE), (2.79)

where N, = N(m,,sP,) and m, represents the center of the ellipse, and sP,
repsesents the extent. s is a scaling factor that relates to the tolerance region and is
in this work (and in equation 2.79) used as s = 1. We used Tr to denote the trace
operator.
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Implementation

This chapter gives a walk-through of our implementation of the PMB filters, which
was done in Python. It includes assumptions made for the data handling, the used
code structure, different variations of the used filters and models, and the investi-
gated scenarios. This chapter also includes values used for the design parameters
and tuned parameters in the different parts of the code.

3.1 Assumptions

In the scope of this thesis, the focus was on highway situations. Therefore, it is
reasonable to assume that that most objects have an almost constant velocity. Fur-
thermore, the radar data is assumed to be 2D because the tracking is done for
vehicles on rather flat highways and in this context the movement with relation to
the z axis is negligible. This also enables us to better visualize the results. Since we
are not considering slow-moving traffic or stop-and-go scenarios, we assume that all
stationary points (relative to the ground, such as lightning poles, trees, etc) can be
removed. The range rate of the data gathered by the radar is used to calculate the
speed of the objects relative to the ground, where the object is considered stationary
if its speed relative to the ground denoted by vfﬂ?und, is lower than a certain threshold.
The radar is not located at the origin of the coordinate system of the vehicle, which
means that we should find the coordinates of the measurements in the coordinate
system of the ego vehicle, presented in Figure 3.2. The ego vehicle is the vehicle
on which the radar is mounted. The field of view is a circular arc centered at the
origin of the radar’s coordinate system, see illustration in Figure 3.1. In our highway
scenarios, the difference between the angle of the object relative to the radar (1)
and the angle of the object relative to the car is negligible, as illustrated in Figure
3.2. This means that for speed calculations, we can assume that the object range
rate relative to the radar denoted by r is equal to the object range rate relative to
the ego vehicle. It is also assumed that the speed of the object perpendicular to the
range rate direction is equal to zero because it can not be measured using the radar.
This means that the ug,r;j’““d can be calculated by adding the ego vehicle speed to
the object range rate. Thus, the longitudinal speed component in the direction of
the range rate v; and the latitudinal speed component in the direction of the range
rate vy are calculated and then added to the object range rate to find the object’s
speed relative to the ground:
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ground

Vg = U1 F V2T = Vego,wCOS(Y) + Vego ySin()) + 1. (3.1)

Note that this equation is only valid within the field of view.

O—0—0

1 —O’”

O— 4 ——

J

.:
e
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Figure 3.1: Figure showing a highway with an ego vehicle (grey), moving objects
(blue), and stationary objects in form of trees and highway guard rails. The figure
illustrates the field of view of the ego vehicle (green area surrounded by green dotted
lines). The blue arrows are representing the range rate measured by the radar for
each object. Thus the relative speed to the vehicle in the coordinate system of the
radar. The objects without blue arrows are outside the field of view.

Another assumption made in this thesis is that the longest vehicle on the road is
25.25 meters, which is the truck length limitation in Sweden [43]. The clusters are
thus adjusted to not exceed this length limit. Since each object in extended mul-
tiple object tracking can be represented by several measurements, each cluster can
include one to infinity number of measurement points. Several clusters can also
include the same measurement. But each cluster can only be assigned to one object,
and one object can only be assigned to one cluster at each time step. Note that each
assignment of a cluster to an object is a local hypothesis.

In a normal scenario, objects may enter and leave the field of view at all times.
For the sake of simplicity, it can be assumed that the probability of detection and
the probability of survival of an object is constant. We also assumed that the mea-
surement noise can be chosen according to the sensor properties. More about the
measurement noise assumption can be read in Section 3.5.
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Figure 3.2: Figure showing a schematic of the vehicle speed and the object range
rate as detected by the radar. The orange arrows represents the vehicle coordinate
system.

3.2 States

Each estimated object is represented by a state consisting of a kinematic state vector,
Mest, With position and velocity in two dimensions, together with a representation
of the object’s extent E.g.

Mest — (32)

UI'
Uy

Ell E121

E.o = 3.3
t [Em En (3:3)

As mentioned in Section 2.3.4, the objects are represented by elliptical shapes. An
ellipse in a two-dimensional space can be represented by its semi-major axis [y, its
semi-minor axis lp, and its angle relative to the z axis denoted by «,..;, see Figure
3.3. This information is extracted from the extent matrix by eigen decomposition
as shown in (3.4),

Eest - RrotERT (34)

rot

Where R, is a rotation matrix and X is a diagonal matrix containing the eigenvalues
of Eest:

_|cos(ror)  —sin(uor) _Z o
= sin(er)  cOS(Qot) ]’ X = [O Bl (3:5)
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Figure 3.3: Figure depicting an ellipse in a 2D plane with semi-major axis [; and
semi-minor axis [y.

3.3 Used Filter Variations

Besides the assumptions, there are several different versions of the PMB filter and
correlating models. In this sections, the used models and variations will be motivated
and specified.

3.3.1 Filters

As described in Chapter 2, there are both PMBM filters and PMB filters, where the
MBM is approximated as a single MB. The PMBM filter is a more complex version
since all global hypotheses are saved over time steps and evaluated. This requires
a lot of computational power and time, which is reduced by the approximation in
the PMB filter. Since the aim of the filter is to be active in a vehicle, the runtime
and complexity are very important factors. According to [1], the PMB filter does
not decrease the accuracy significantly. The PMB filter is therefore the used filter
in this thesis.

In Section 2.4.2, several ways to approximate MBMs to MBs were described. Ac-
cording to [1], the results are fairly similar between the different versions and the
main difference tends to be when the signal-to-noise ratio is low and when objects
are close to each other. For those cases, the Variational Multi-Bernoulli (VMB)
yields better performance than the other implemented PMB and PMBM filters.
Since the novelty of this thesis is the usage of real data, the result might differ and
we have hence implemented three different versions of the filter, the Track Oriented
PMB (TO-PMB), and the Variational Multi-Bernoulli consisting of the two versions;
Most Likely Assignment (MLA-PMB) and Efficient Approximation of Feasible Set
(EAFS-PMB).

Another filter variation is the usage of a data association algorithm. The implemen-
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tation in this thesis uses an already implemented version of the Murty algorithm,
namely fastmurty which finds the M assignments that yield the lowest cost (see used
value for M in Table 3.2). More information about the fastmurty implementation
can be found in [44].

3.3.2 Motion Model

Dependent on the type of data and the scenario used, different motion models might
result in a very different performance of the algorithm. Since this thesis is focusing
on highway data, the velocities of the tracked objects and the ego vehicle can be
considered as constant which means that the Constant Velocity (CV) motion model
is the most suitable model for our targets. Thus, a constant velocity motion model
has been used.

3.3.3 Measurement Model

One measurement model was implemented and used throughout the evaluation of
the filter, namely the PPP measurement model with the intensity function modeled
as a random matrix model. Here, we recalculated the measurements into position
vectors instead of using the measurements directly in the measurement vector. This
allowed for the measurement model to be linear, which made it possible to eliminate

measurements that were stationary using the range rate (as described in Section
3.1).

3.3.4 Birth Models

Two different birth models were used and compared in this thesis. One measurement-
driven birth model, where all measurements are used as possible birth components,
and one birth model with predefined fixed birth areas that are tuned to fit the data
and in this case thus also realistic traffic scenarios. The concept of the predefined
birth model is illustrated in Figure 3.4. As can be seen in the figure, more birth
components are placed near the sensor since it is both more likely and more critical
if an object appears in that region. The parameters 6 and ngeeions can be tuned to
fit the size of the field of view, where # is the delta angle used to create uniformly
angled lines in the field of view, see Figure 3.4, on which possible birth components
are created with a certain interval. The interval is defined by d = Lroy /Nsections,
where Lroy is the length of the field of view, and ngecrions 1S the number of birth
components to add on each line. The lines are added from the center of the field of
view (red dotted line in the figure) and out, with the sides of the field of view as the
limit. The ellipses are representing the object extents and all measurements within
a gating threshold representing the uncertainty of the position and the measurement
covariance, are considered to belong to that object’s birth component.
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Figure 3.4: Figure illustrating the uniformly distributed birth model, with the
tunable parameters 6 and ngecrions. In the example shown in the figure, ngecrions = 4.

3.4 Algorithm Structure

The PMB filter contains many different parts, which are highly interconnected.
To illustrate our implementation, we will go through our structure by presenting
pseudo code. The main filter includes a loop over each time step with the general
steps needed to perform filtering and evaluate the result, see Algorithm 4. In the
algorithm, PPP includes both the state densities and the weights for the Poisson
components. The same thing applies to the birth components. The variable table
in the algorithm is the global hypothesis lookup table presented in Section 2.2.1. In
the data pre-processing step, we need to load and prepare the dataset from its raw
format into an organized and suitable structure for filtering purposes. The prepa-
ration of the data also includes changing the coordinate system of the detections
from the radar coordinate system to the coordinate system of the ego vehicle and
removing stationary points.
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Algorithm 4 Implementation structure of the algorithms

1
2

: Inputs: radar data, ground truth
: Outputs: GOSPA value

3:

4
5
6
T
8
9

10:
11:
12:
13:

: for every time step do
measurements := Prepare data (radar data)
if first time step then
birth model := Create birth model
PPP := Initiated as the birth model
tracks := Initiated as empty matrices

PPP, tracks := PMB update (measurements, PPP, tracks)
state estimates := Calculate PMB estimates (tracks)
PPP, tracks := Predict PMB (PPP, tracks, birth model)
GOSPA value := GOSPA ((state estimates, ground truth)
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Algorithm 5 Implementation of the PMB update step

Inputs: measurements, PPP, tracks
Outputs: PPP, tracks

Perform ellipsoidal gating

Perform clustering for gated measurements to get measurement clusters
Update the PPP with the in-gate clusters

Create local hypotheses by updating tracks and creating new ones
Create a global hypothesis look-up table

if no clusters then
Set all targets as misdetected

T
Bl

: for every partition do

Construct a cost matrix

Find M best assignments with (fast) Murty’s algorithm
Update the global hypothesis look-up table

L e e

: Prune global hypotheses with smaller weights than threshold

: Prune local hypotheses with smaller existence probability than threshold
: Perform reduction by merging similar global hypotheses

: Update PPP with misdetections

NN

. if there are several global hypothesis then
Approximate the MBM as an MB
Perform pruning and recycling

: else

Perform pruning and recycling

O RN I
N2 gk

ORI
© ®

: Remove Poisson components with smaller weights than threshold and merge
similar ones

The most computationally and theoretically heavy parts of the filter in Algorithm 4
are in the PMB update step. To give a clear view of what this step is doing, a
pseudo code for this specific part is therefore shown in Algorithm 5. Note that this
algorithm does not present input and outputs to the steps in the function. This
is because the steps are highly interconnected and the inputs and outputs would
rather create confusion than clarification.

In Algorithm 5, some variations are made for the different filter implementations.

This is done in the step at the end of the algorithm where the MBM is approximated
as an MB. To clarify how the filter implementations differ, see Algorithm 6.
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Algorithm 6 Implementation of the MBM to MB approximation

I T e T T T

18:

19:
20:
21:
22:
23:
24:
25:
26:

27:
28:
29:
30:

Inputs: PPP, tracks, GHLT, MBM weights
Outputs: PPP, tracks, GHLT, MBM weights

Perform track oriented merging (this is a base line needed for all variations)

if TO then
Do nothing since it is already done

else if MLA then
while Not converged do

Use global hypotheses and tracks to compare approximated objects to
updated objects
Solve optimization problem for comparison between previous and new
objects, to assign the "right local hypothesis to the right track" and
find the best permutation of the local hypotheses to merge
Comparing order between updated tracks and approximated tracks
if Order not converged (for the objects in the global hypothesis), or cost

not almost optimal then

Perform merging to create new approximated objects

else if EAFS then
Extract weights for each local hypothesis
while Not converged do
Use global hypotheses and tracks to compare approximated objects to
updated objects
Solve transportation problem using cost matrix and extracted weights
if Weights not similar (for local hypotheses), or cost not almost optimal
then
Perform merging to create new approximated objects

Recycle Bernoullis with smaller existence probability than threshold
Delete these single target hypotheses

In Algorithm 6, note that an initial track oriented merging is a baseline for all three
used filtering versions. Therefore, this is implemented for all filters.

3.5 Design Parameters

The filter contains a lot of different parameters that can be tuned to receive as good
performance as possible for the used data. There are approximately 15 parameters
to tune or choose a value for in the filter, which is why we have separated the pa-
rameters into two groups, tuning parameters and design parameters. The tuning
parameters have been decided by performing line search, where different tuning pa-
rameters were grouped dependent on correlation. Each setting for the high priority
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parameters was evaluated for all time steps for every sequence used for tuning. For
those parameters within a tuning parameter group, the resulting evaluation com-
pared to ground truth was saved in a cost matrix and the setting generating the
lowest cost was adapted to the filter. The final tuning parameters for both the low,
mid and high prioritized parameters, together with the tested interval, is presented
in Table 3.1, and the design parameters and their chosen values are represented in
Table 3.2. The upper and lower bounds of the tuning parameters, shown in Table
3.1, were set using knowledge about the filter, the data, and by trying varying num-
bers to narrow down the interesting area plus some marginal to be sure to include
the optimal point. The number of values in each interval was chosen dependent on
the parameter and was between 12 and 30 and typically log scaled.

Some parameters that can either be tuned or set are the additive measurement
noise and the multiplicative measurement noise. For this thesis, the additive mea-
surement noise has been used as the sensor properties. Other values were tested
but the default sensor properties were considered as a good solution. Further, the
multiplicative measurement noise was initially set as 1/4 according to [31], but was
changed after tuning to a value that represents the spread of our measurements
within the extent better, see Table 3.1.

Table 3.1: Tuning table including the tuned parameters and their corresponding
tested interval, where LL is the lower limit and UL is the upper limit.

Tuning table
Parameters Limits Chosen Value
LL | UL | MLA | TO | EAFS

Motion noise (Gmot) 10* | 10'°] 280k | 110k | 170k
Measurement noise, multiplicative (¢meas mn) | 1071 10 [ 0.4 |04 | 0.4
Clutter rate (\.) 1073] 103 | 2 2 2
Measurement rate prediction parameter (n) | 0.1 |20 | 1.1 1.1 |11
Extent decay rate (1) 1 200 | 100 | 100 | 100
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Table 3.2: Table with design parameters, where the variables are set according to
recommendations in papers and evaluation of filter decisions.

Design parameter table
Parameter Chosen Value
Gating size (dy) 10 m
Upper cluster limit size (daz) 25.25 m
Lower cluster limit size (dpn) 0.25 m
Cluster delta distance (d4) 1 m
Probability of detection (P;) 0.9
Probability of survival (P;) 0.99
Number of solutions from Murty, (M) 3
PPP weight pruning threshold (Pppp) 107°
Global hypothesis weight pruning threshold (P,) 1073
Local hypothesis existence probability pruning threshold (P,) | 1073
Recycling threshold (7;.) 1072

3.6 Evaluation Data

In order to compare different settings and examine the filter variations adequately,
three different scenarios have been chosen for evaluation.

Scenario 1: The sequence is 25.25 seconds (1011 time steps) long. The ego ve-
hicle is in the right lane with two vehicles in front of it in the same lane, one of
which is 20 meters ahead of the ego vehicle and slightly to the right and one is 70
meters ahead, also slightly to the right. There is no oncoming traffic. From the
point of view of the radar, one of the two vehicles is sometimes completely hidden
behind the other one. None of the vehicles exit the FOV during this sequence.

Scenario 2: The sequence is 20 seconds (800 time steps) long. In the beginning
of the sequence, there is only one vehicle in front of the ego vehicle. After about 2
seconds, a car enters the FOV from the right of the ego vehicle. It passes the ego
vehicle and drives side by side with the vehicle that is in front, and then continues
on. It leaves the front part of the FOV after 15 seconds. This means that this
scenario depicts object birth and object death.

Scenario 3: The sequence is 17.5 seconds (700 time steps) long. There is a large
truck with a trailer in front of the ego vehicle at a distance of about 50 meters.
There is a lot of oncoming traffic on the left lane which enter and exit the FOV but
they are not considered in this work.

3.7 Evaluation Methods

The evaluation of the result was done both visually and numerically. The visual
evaluation was done for the different steps between clustering and object estima-
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tion. Here, we mostly made sure that the different steps seemed reasonable with
respect to the measurements and ground truth. The numerical evaluation was done
by comparing the resulted object estimation to ground truth object positions and
extents which are presented as ellipses, and the accuracy was evaluated using the
GOSPA metric described in Section 2.5.1 with the Gaussian-Wasserstein distance
in Section 2.5.2 for the different traffic situations described in Section 3.6. All dif-
ferent components in GOSPA, such as number of misdetections, false detections
and the localization error was also evaluated individually to give a clearer view of
the specifics in the filter performance. To evaluate the position without the extent,
the RMSE was also calculated and compared in the x and y direction as in Figure
3.3. The evaluation considers tracking both single and multiple vehicles in highway
traffic situations. Both vehicles staying in the field of view (but moving within it),
objects staying in the same lane and objects entering and leaving the field of view.

Algorithm 7 Sandbox tracker

Inputs: json file (default sandbox tracker.json)
Outputs: hdf5 file

def  init
Define parameters you want to use

def  del

Uses tt__ego_ vehicle wrapper to delete data
(used in Step function)

—_ =
= O

. def run_ev__module:

—
N

Converting ego vehicle data
(used in Step function)

H
@

— =
AN

. def Step:

Uses input data for the current time step
(here’s where we implemented our filter)

==
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Results

In this chapter, the results from the different scenarios explained in Chapter 3 are
presented. Since the chosen scenarios are quite different, the results will be presented
and commented separately and then discussed. In the following sections, "MLA-U"
denotes the MLA-PMB filter with the uniform birth model and "MLA-MD" denotes
the MLA-PMB filter with a measurement-driven birth model. The same notation
is used for the TO-PMB filter.

The evaluation is performed in Python on a laptop with an Intel(R) Core(TM)
i7-7820HQ @ 2.90GHz x 8 CPU.

4.1 Scenario 1

The numerical evaluation for Scenario 1 is presented in Table 4.1 and 4.2, where
the first table represents the results when using the uniform birth model, and the
second one represents the results using the measurement driven birth model.

According to Table 4.1, thus comparing the filter performance using the uniform
birth model, the EAFS-U gives the lowest numerical errors. Although, it is not the
fastest, with the average run time of 0.8156 seconds. The TO-U, which takes on
average 0.719 seconds to perform a filtering recursion, has the smallest average run
time for each time step. This is reasonable considering the additional computational
cost of the optimization and merging steps in the MLA-U and EAFS-U. The TO-U
yields worse results than the two other filters based on GOSPA, but estimates the
position of the objects better than MLA-U, considering the RMSE values for the
longitudinal and latitudinal position.

Similarly to the performance using the uniform birth model, is the performance
for the different filters for the measurement driven birth model. The general differ-
ence is that the run time is significantly decreased for all methods, where the TO
still has the smallest average run time with 0.114 seconds.
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Table 4.1: Table showing the mean GOSPA distance per time step (GO) with
¢ = 10, mean Gaussian-Wasserstein per time step (GW), average number of false
detections per time step (NF), average number of missed detections per time step
(NM), RMSE of longitudinal position in meters (RPX), RMSE of latitudinal position
in meters (RPY), RMSE of extent length in meters (REL), RMSE of extent width
in meters (REW) and the average run time of each time step in seconds (T) when
using the uniform birth model for Scenario 1.

Scenario 1 (Uniform Birth Model)

Filter Type | GO GW NF NM | RPX | RPY | REL | REW T
TO-PMB 6.818 | 3.252 | 0.034 | 0.678 | 1.360 | 0.433 | 1.030 | 0.794 | 0.719
MLA-PMB | 6.463 | 2.926 | 0.034 | 0.674 | 1.389 | 0.440 | 0.903 | 0.311 | 0.720

EAFS-PMB | 6.190 | 3.267 | 0.044 | 0.541 | 1.365 | 0.433 | 0.884 | 0.464 | 0.8156

Table 4.2: Table showing the mean GOSPA distance per time step (GO) with
¢ = 10, mean Gaussian-Wasserstein per time step (GW), average number of false
detections per time step (NF), average number of missed detections per time step
(NM), RMSE of longitudinal position in meters (RPX), RMSE of latitudinal position
in meters (RPY), RMSE of extent length in meters (REL), RMSE of extent width
in meters (REW) and the average run time of each time step in seconds (T) when
using the MD birth model for Scenario 1.

Scenario 1 (MD Birth Model)

Filter Type | GO GW NF NM | RPX | RPY | REL | REW T
TO-PMB | 6.393 | 3.227 | 0.065 | 0.549 | 1.365 | 0.433 | 0.852 | 0.585 | 0.084
MLA-PMB | 6.382 | 3.197 | 0.074 | 0.562 | 1.37 | 0.442 | 0.83 | 0.564 | 0.093

EAFS-PMB | 6.392 | 3.268 | 0.065 | 0.565 | 1.365 | 0.425 | 0.865 | 0.514 | 0.094

As can be seen in Table 4.1 and Table 4.2, the risk of misdetection is larger than
the risk of false detections. This can be explained by looking at the data, where it
becomes clear that one vehicle sometimes gets occluded by the other vehicle from
the radar point of view. This is illustrated in Figure 4.1, where it is clear that
no cluster corresponds to the second vehicle. By the same reasoning the second
vehicle sometimes gets partly occluded, causing measurement points in a smaller
area, and also fewer measurement points since the object is further away. Therefore,
the estimated extents get smaller.
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Figure 4.1: Figure showing the estimation plot for one time step. The black el-
lipses represent ground truth states, the red ellipse represents our estimate with
MLA-PMB and the uniform birth model, and the remaining ellipses represent clus-
ters of the measurements, where the color of the ellipse represents the number of
measurement points in that cluster. Clusters containing more than 20 measurement
points are represented as if they contained 20 measurement points. The stars are
representing the center points in the ellipses.

4.2 Scenario 2

The numerical evaluation for Scenario 2 is presented in Tables 4.3 and 4.4, where
the first table represents the results when using the uniform birth model, and the
second one represents the results using the measurement driven birth model.

As can be seen in Table 4.3 and Table 4.4, TO-U tends to give the lowest numerical
errors, while MLA-MD gives the lowest run time and is the second best considering
the numerical errors. The relatively high number of false detections is due to two
things: First is that the truck with a trailer in front of it is considered to be several
objects by the filter, which causes the higher Gaussian-Wasserstein, and the second
is that the algorithm estimates some clutter approximately 80 meters ahead to be
objects for a few seconds.

Misdetections mostly happen in this scenario because of an object driving on the
borderline of the FOV (to the right), where only the left front light is in the FOV
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at time step 0. It is detected by the ground truth sensor but does not result in
frequent enough measurements to be estimated by our filter. After approximately
2 seconds, one fourth of the vehicle is in the field of view and our filter estimates
the vehicle occasionally. After six seconds, half of the vehicle is in the FOV and the
estimation of the vehicle is stable. The vehicle passes and drives side by side with
another vehicle. At a few seconds, they are driving very close, which results in the
estimations to merge, which again causes misdetections. An illustration of this is
shown in Figure 4.2.

Table 4.3: Table showing the mean GOSPA distance per time step (GO) with
¢ = 10, mean Gaussian-Wasserstein per time step (GW), average number of false
detections per time step (NF), average number of missed detections per time step
(NM), RMSE of longitudinal position in meters (RPX), RMSE of latitudinal position
in meters (RPY), RMSE of extent length in meters (REL), RMSE of extent width
in meters (REW) and the average run time of each time step in seconds (T) when
using the uniform birth model for Scenario 2.

Scenario 2 (Uniform Birth Model)

Filter Type | GO GW NF NM | RPX | RPY | REL | REW T
TO-PMB | 22.547 | 6.609 | 1.875 | 1.312 | 0.924 | 0.748 | 1.716 | 1.243 | 7.333
MLA-PMB | 24.691 | 6.503 | 2.055 | 1.583 | 0.988 | 0.818 | 3.025 | 0.968 | 7.276

EAFS-PMB | 24.847 | 6.367 | 2.131 | 1.565 | 1.007 | 0.797 | 2.439 | 0.977 | 7.486

Table 4.4: Table showing the mean GOSPA distance per time step (GO) with
¢ = 10, mean Gaussian-Wasserstein per time step (GW), average number of false
detections per time step (NF), average number of missed detections per time step
(NM), RMSE of longitudinal position in meters (RPX), RMSE of latitudinal position
in meters (RPY), RMSE of extent length in meters (REL), RMSE of extent width
in meters (REW) and the average run time of each time step in seconds (T) when
using the MD birth model for Scenario 2.

Scenario 2 (MD Birth Model)

Filter Type GO GW NF NM | RPX | RPY | REL | REW T
TO-PMB 26.028 | 7.659 | 2.161 | 1.512 | 0.883 | 0.760 | 2.449 | 1.992 | 1.944
MLA-PMB | 23.586 | 6.718 | 1.928 | 1.446 | 0.812 | 0.757 | 2.429 | 1.63 | 1.915

EAFS-PMB | 26.053 | 7.640 | 2.148 | 1.535 | 0.810 | 0.867 | 2.447 | 2.015 | 2.030
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Figure 4.2: Figures showing a sequence of time steps when two objects are es-
timated to be side by side, and gets estimated as one object. The black ellipses
represent ground truth states, the red ellipses represent our estimates and the stars
represents the center of the ellipses.

4.3 Scenario 3

The numerical evaluation for Scenario 3 is presented in Table 4.5 and 4.6, where
the first table represents the results when using the uniform birth model, and the
second one represents the results using the measurement driven birth model.

According to Tables 4.5, EAFS-U has the lowest GOSPA value, but it also has a
rather large run time per time step (3.862 seconds) compared to EAFS-MD. EAF'S-
MD takes less time to run but results in a larger GOSPA and a higher number of
missed and false detections on average. The MLA-MD seems to be the better alter-
native in the this case since it seems to achieve almost the same results as EAFS-U
in less than a third of the time.

The TO-U has a significantly worse performance than the MLA-U and the EAFS-
U, which is due to the higher number of missed and false detections on average.
TO-MD has a better performance than TO-U in terms of the number of false and
missed detections.

Table 4.5: Table showing the mean GOSPA distance per time step (GO) with
¢ = 10, mean Gaussian-Wasserstein per time step (GW), average number of false
detections per time step (NF), average number of missed detections per time step
(NM), RMSE of longitudinal position in meters (RPX), RMSE of latitudinal position
in meters (RPY), RMSE of extent length in meters (REL), RMSE of extent width
in meters (REW) and the average run time of each time step in seconds (T) when
using the uniform birth model for Scenario 3.

Scenario 3 (Uniform Birth Model)

Filter Type | GO GW NF NM | RPX | RPY | REL | REW T
TO-PMB | 13.617 | 6.567 | 0.557 | 0.853 | 1.244 | 1.195 | 3.414 | 2.030 | 3.822
MLA-PMB | 8943 | 7.95 | 0.088 | 0.110 | 1.272 | 1.210 | 2.736 | 1.976 | 3.779

EAFS-PMB | 8.621 | 7.793 | 0.084 | 0.081 | 1.193 | 1.181 | 3.200 | 1.821 | 3.862
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Table 4.6: Table showing the mean GOSPA distance per time step (GO) with
¢ = 10, mean Gaussian-Wasserstein per time step (GW), average number of false
detections per time step (NF), average number of missed detections per time step
(NM), RMSE of longitudinal position in meters (RPX), RMSE of latitudinal position
in meters (RPY), RMSE of extent length in meters (REL), RMSE of extent width
in meters (REW) and the average run time of each time step in seconds (T) when
using the MD birth model for Scenario 3.

Scenario 3 (MD Birth Model)

Filter Type | GO GW NF NM | RPX | RPY | REL | REW T
TO-PMB 9.060 | 7.918 | 0.134 | 0.094 | 1.247 | 1.264 | 4.014 | 1.722 | 1.031
MLA-PMB | 8.654 | 7.797 | 0.083 | 0.088 | 1.309 | 1.285 | 3.936 | 1.333 | 1.117

EAFS-PMB | 9.082 | 7.818 | 0.147 | 0.106 | 1.258 | 1.231 | 4.769 | 1.658 | 1.114

The extent estimation for this scenario is not as good as in the first scenario, which
is due to the size of the trailer and it’s position relative to the ego vehicle. Most
of the measurements in this case are generated from the side of the trailer, which
is driving in front of the ego vehicle and to its right, which means that the filter
considers it to be a long object with a narrow extent, as seen in Figure 4.3.
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Figure 4.3: Figure showing the estimation plot at one time step for scenario 3.
The black ellipse represents the ground truth state (in this case the trailer), the red
ellipse represent our estimate, and the remaining ellipses represent clusters of the
measurements, where the color of the ellipse represents the number of measurement
points in that cluster. Clusters containing more than 20 measurement points are
represented as if they contained 20 measurement points. The stars are representing
the center points in the ellipses. It is evident that the measurements generated
from the trailer do not represent the entire extent, so the resulting estimation is not
similar to the true extent.

95



4. Results

o6



O

Discussion

To give a fair discussion of all relevant discussion points this thesis has created, we
split this discussion chapter into four different sections where we first discuss the
filter implementation. We continue by discussing the results and end this chapter
with a discussion about future work.

5.1 Implementation

Several assumptions and simplifications were made in the implementation which can
affect the results, for example, highway scenarios were chosen. Even if we tried to
include different types of highway scenarios in the evaluation, not every highway sce-
nario is evaluated. Hence the result can differ for other kinds of highway scenarios.
Further, the provided ground truth data is measured by another, more accurate,
sensor set which is mounted on the ego vehicle.

In this work, the range rate measurements were not used in the estimation since
the single target measurement model was a simple two-dimensional model which
only used the range and angle measurements which were then transformed to the
longitudinal and latitudinal position. According to [45], radar measurements can
be modeled using the range, angle, and range rate in three dimensions. This could
improve both the position and the velocity estimates.

5.2 Discussion of Results

Of the three variations of the PMB filter that were investigated, the MLA-PMB
seems to result in a good trade-off between performance and computational cost,
which makes it a desirable alternative in automotive applications, where efficiency
is as important as accuracy. The uniform birth model and the measurement-driven
birth model yielded different results based on filter type. Between the two birth
models, the smallest GOSPA was often achieved with the uniform birth model, but
the uniform model was considerably slower. None of the implementations are fast
enough to be used in real-time considering the sampling time, so if the filter is going
to be implemented in a vehicle, some run time optimization needs to be done. If
the filter using the uniform birth model can be made more efficient so that it runs
at the same rate as the sampling rate or faster, then the uniform birth model is
recommended. Otherwise, the measurement-driven birth model is a rather good
alternative, which can have a run time that is about 3 to 8 times smaller than for
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the uniform birth model, without sacrificing the estimation accuracy so much. For
all scenarios, the combination of the MLA-PMB filter and the MD birth model re-
sulted in a good performance when considering both the object estimation and the
computational cost.

The MLA-PMB and the EAFS-PMB filters are likely to have a longer run time than
the TO-PMB, which is reasonable considering that they first perform TO merging
and then use the result as an initial guess for the optimization calculations. The opti-
mization calculations are then used to find the optimal way to merge the Bernoullis.
For the second and the third scenarios, the MLA-PMB filter has a smaller run time
than TO-PMB in some cases. This can be because the TO-PMB filter is based on
the assumption that all of the local hypotheses are independent and merges the local
hypotheses for each track instead of considering all of the local hypotheses across
all tracks and merging them by performing an optimization. This means that there
is the possibility that some Bernoullis that would have been merged in MLA-PMB
never get merged and this results in more Bernoulli components for TO-PMB. Thus,
TO-PMB will have the additional computational cost for performing gating for these
Bernoullis, updating them, and creating local hypotheses, and the run time will be
larger. There is also a higher potential for the TO-PMB to detect one object as
several overlapping objects compared to the other filters due to the local hypothesis
independence assumption.

The accuracy of the objects’ extent estimation varies depending on the position
of the objects relative to the vehicle. However, the estimated objects’ shapes are
generally different from the true shapes. This is firstly due to the assumption that all
objects are ellipse-shaped and the measurements are Gaussian-distributed over the
area of the ellipse. This means that the true distribution of the measurements over
the object is not considered, since the measurements would be more dense around
the contours and less dense towards the center of the objects. The other reason is
that the measurements are from only one radar and determining the shape of an
object based on measurements from one or two sides of the object, dependent on
the positioning relative to the radar, is not an easy task. From the results, it gets
clear that the length of the objects is not estimated as accurately as the width of the
objects. This is reasonable since the measurements collected by the front-looking
radar are often the result of radar detections from the back of the vehicles which are
driving in front of the ego vehicle and the full length is not completely observable.
Thus, the estimation of the length is often more difficult. This is especially true if
the object is too close to or too far from the vehicle. In the first case, the length is
estimated to be almost similar to its true value and in the second case, the object
is assumed to be smaller than it actually is. This is because the number of mea-
surements decreases as the object gets further from the radar, and the extents are
estimated based on the spread of the measurements. Furthermore, it is possible for
some objects to be occluded if there are other objects directly in front of the radar.

o8



5. Discussion

5.3 Future Work

As discussed in Section 5.2, objects further away from the sensor tend to have fewer
measurement points. This makes the extents of the objects likely to be smaller. A
possible extension of this work could therefore be to extend the filter to remember
the size of the objects as they move away from the ego vehicle so that they do not
shrink in terms of size when moving away from the sensor.

In this work, it was assumed that the generated measurements were Gaussian-
distributed on the surface area of the objects. This assumption does not hold in
reality since the measurements are most likely to be detections from the side of the
object that is facing the radar and not exactly on the contour. This means that
there are no observations of the occluded side of the object. Thus, a more compli-
cated measurement model can be chosen to represent both the occluded area and
the specific distribution of the measurements which are often dense around the con-
tour area and sparse in the middle of the object. One such model is presented in [46].

In Table 4.1 to Table 4.6, it is clear that neither of the filters detect all objects
at all times. This can of course be very dangerous in a real-world scenario. One way
to decrease the risk of misdetections is to implement a track manager to better keep
track of detected objects over time. The idea is then that the track manager classi-
fies the detected objects based on their position, velocity, and heading considering
that objects are not likely to jump from one place to another or disappear abruptly
from the FOV. The track manager can be especially helpful in cases of occlusion.
But it can also be beneficial for false detections (which can be as dangerous if the
ego vehicle emergency brakes for no reason) if implementing the track manager so
that an object for example needs to be detected for a certain number of time steps
before being added as an object in the track manager.
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Conclusion

When developing autonomous vehicles, objects around the autonomous vehicle need
to be tracked. Extended Multiple Object Tracking (EMOT) can be used to esti-
mate the surrounding objects’ position and shapes. In this work, filtering meth-
ods based on the Poisson Multi-Bernoulli Mixture conjugate prior were studied
in order to choose an appropriate filter that takes radar data and solves the ex-
tended multiple target tracking problem efficiently for the purpose of tracking ve-
hicles on the highway. The Poisson Multi-Bernoulli (PMB) filter was chosen due to
its trade-off between high accuracy and low computational cost. Three variations
of this filter, the Track-Oriented PMB (TO-PMB), the Most Likely Assignment
PMB (MLA-PMB), and the Efficient Approximation of Feasible Set PMB (EAFS-
PMB), were implemented and their performances were compared. Additionally, for
each filter, two birth models were investigated: the uniform birth model, and the
measurement-driven birth model. The provided measurements were collected by
one radar mounted on a vehicle while driving on highways. The ground truth data
for the position and extent of the objects was also collected by a separate reference
system.

It was concluded that all three implemented filters performed well, where the MLA-
PMB filter generally yields slightly better results. The filter manages to detect
objects fairly well, although the extent estimations are not entirely accurate, due to
one single radar’s difficulty to correctly simultaneously observe the full length and
width of the objects. The extent estimates can be improved by using multiple radars
at different angles, as well as other sensors. For all filters, the measurement-driven
birth model resulted in a much lower computational cost while maintaining good
performance. It is deemed to be a good choice for a real-time system that needs to
fulfill strict run-time budgets.

Other ways to further improve the filters were suggested such as representing the
spatial distribution of the objects with a more advanced model, evaluate several dif-
ferent motion and measurement models, or implementing a track manager to classify
and keep track of the objects.
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