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Multi Object Tracking with Camera Data and Deep Learning Detectors
JOACHIM BENJAMINSSON, EMIL ROSENBERG

Department of Electrical Engineering

Chalmers University of Technology

Abstract

Autonomous vehicles is a hot topic nowadays, with major car manufacturers trying
to incorporate autonomous features into their vehicles. There is much more to an
autonomous vehicle than only controlling the steering angle and throttle, perception
of a vehicles surroundings is necessary for the vehicle to know how it should behave.
One crucial aspect is to know where other vehicles and objects are positioned in
relation to the ego-vehicle. Other objects can for example be detected via radar
or camera. Although detecting objects in images is a simple task for humans, it
is a complex task for a computer to perform. During recent years, fast advances
in deep learning have been made, enabling development in certain sectors such
as extracting data in images. Training Convolutional Neural Networks (CNNs) to
detect objects in images has proven to yield good results. However, only relying
on object detection can have drawbacks. Namely the network may not detect all
objects due to different reasons, such as occlusion. Additionally, common deep
learning detectors do not output information about the kinematics of the object.
It is therefore of interest to investigate the combination of a deep learning detector
and a recently developed multiple target tracking filter, namely the Poisson Multi—
Bernoulli Mixture filter (PMBM), using camera data as input. The PMBM filter is based
on the classical tracking approach, by using Bayesian statistics. An implementation
of the PMBM filter has been made for tracking multiple objects in an urban setting
with good tracking results. It has been shown that the filter compensates for the
weaknesses of the CNN, providing a more robust view of the scene in front of the
ego—vehicle. Some artifacts have also presented themselves, which need to be solved
in order for the system to achieve an even better results. Furthermore suggestions
for future improvements are presented, which could further increase the performance
of the system.

Keywords: Multiple Object Tracking, PMBM, Deep Learning, Kalman Filtering,
Bayesian Recursion, Similarity Score
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1

Introduction

In the last couple of years interest in autonomous cars has grown rapidly both in
industry and research [1]. Reliable and safe urban autonomous driving requires
several technologies, one of them is high performance environment perception. It
is crucial to have information about the surroundings, where other vehicles are and
where they are going, in order to avoid collisions. In recent years, image analysis
and object detection have been revolutionized by the advances in deep learning,
starting with Alexnet [2]. Alexnet is a deep Convolutional Neural Network (CNN)
for classifying images and has millions of parameters and it was the first deep neural
network to achieve a top 5 error rate of 15.4% (the next best network achieved
an error rate of 26.2%) [2]. Deep learning is computationally expensive, but as
computational power increases, large calculations in deep learning becomes more
and more feasible. With the advances in deep learning, images could be used in
conjunction with CNNs for environment perception.

One approach to increase the perception of the surrounding environment is to try to
detect objects around the vehicle using for example a CNN, with images obtained from
a camera. This approach works fairly well, however it comes with some problems.
Objects might be undetected by the detection algorithm, or due to occlusion. Also,
the position estimation of the objects might not be as accurate as required and could
be erratic due to the frame by frame approach. Furthermore, the most common
CNN for object detection does not generate information about the kinematic states,
such as velocity, of the object. Such information is crucial in autonomous driving.
The vehicle does not only requires knowledge of the current surroundings, but also
requires knowing how the scene is changing and how it will look in the future to
make decisions. In order to increase performance and to obtain more information
about the objects, one could keep track of the objects also between images from the
camera. By doing so, we introduce the problem of Multiple Object Tracking (MOT),
where the task is to jointly estimate the number of objects in the area of interest
and their states. A MOT filter would enable predicting the future states of objects,
and thus play a crucial part in autonomous driving. Up until a few years ago, the
most common way of solving the MOT problem has been to use a standard Bayes
filter together with additional layers of logic [3]. However, these methods are not
optimal and sometimes requires solving data association separately, which could be
computationally expensive.
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MOT problems in a Bayesian framework are often modelled by the Random Finite Set
(RFS) framework. A RFS is defined as a set of random variables, also the cardinality
of the set is a random variable. In MOT, objects of interest are modelled as random
variables. We can also model the number of objects and measurements as random
variables, as they are time-varying and unknown. Hence, RFS is a great tool for
solving MOT problems. In MOT, both objects and measurements are modelled as RFSs
[4].

One type of MOT filter that builds on the philosophy of RFS, is the Multi-Bernoulli
filters. A challenge with MOT are missed objects, due to sensor noise, imperfect
detections or occlusion. The Bernoulli part of the filter takes uncertain target exis-
tence into account when they are designed which models the objects that has been
detected [5], and the Poisson models the objects that have not been detected [6].

1.1 Purpose

The purpose of this thesis is an in—depth investigation into how well MOT problems are
solved when deep learning detectors are used to process camera data. Specifically,
we investigate the possibilities of how to make the tracking more stable in regards to
false targets and missed targets, but also how to exploit information within the im-
age, such as the color of an object, and if it will produce an increase in performance.
Hence, the main purpose of this thesis is to evaluate the performance of a MOT filter
called Poisson Multi-Bernoulli Mixture filter (PMBM) with object detections made by
a CNN in the image plane.

1.2 Scope

The focus will be on tracking Cars, Cyclists and Pedestrians using the publicly
available KITTI object tracking data set [7]. The CNN is trained on KITTI data.
Specifically, the CNN is trained on data obtained from the camera used by KITTI.
Thus it is not recommended to change data set because there can be a decrease in
performance if another camera is used, which is why the data set is limited to the
KITTI object tracking data set.

Elapsed time is not included in the evaluation, hence comparison between other
methods only focuses on the performance in tracking, irregardless of run time. Note
that some methods are used to decrease computational complexity in order to make
the system run in a feasible time frame. The training set consists of 20 image
sequences in an urban setting. Each sequence contain a different number of images.

Generating the detections from the CNN is not a part of this thesis. The detections
are made beforehand and therefore they cannot be affected. The focus lies solely
on designing and implementing a PMBM filter for tracking both in the image plane
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and 3D world coordinates. Furthermore, since tracking in 3D requires a distance
estimate, it is not possible to change the network that performs the detections as
this requires changing the network structure and especially the loss function.

1.3 Sensor Setup

The dataset that has been used is the publicly available dataset KITTI [7]. The
vehicle in use for obtaining measurements is a Volkswagen Passat B6. Mounted
on the vehicle there are multiple sensors which are presented in Table 1.1. Their
placement and corresponding coordinate systems are defined according to Figure 1.1
and Figure 1.2 respectively. Many sensors focus on the surroundings of the ego—
vehicle, however there is also an Inertial Measurement System (IMU) that provides
information about the position and motion of the ego—vehicle.

Table 1.1: Available sensors.

Type of Sensor Name Update Frequency Other
1 Inertial Measurement Unit (IMU) OXTS RT 3003 100 Hz Res: 0.02m/1°
1 Laser scanner Velodyne HDL-64E 10 Hz -
2 Grayscale Cameras Point Grey Flea 2 (FL2-14S3M-C) - Res: 1.4 Megapixels
2 Color cameras Point Grey Flea 2 (FL2-14S3C-C) - Res: 1.4 Megapixels
4 Varifocal lenses Edmund Optics NT59-917 - 4 mm, 90°! and 35°2

!Horizontal angle
2Vertical angle
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Velodyne HDL-64E Laserscanner

Point Gray Flea 2

Figure 1.1: Overview of the car. The coordinate systems that are shown in the
figure are the local coordinate systems for each sensor [8].

(Al heights wrt. road surface |

T All camera heigh;s: 1.65 m
Wheell axis Cam 1 (gray) I
(height: 0.30m) Cam 3 (color) g 10.06m
: Cam-to-CamRect  Velodyne laserscanner
054 m & CamRect X (height: 1.73 m) 0.05m
H -to-Image h
1.60m N Y P Cam 0 (gray) <EQY &OZ) - IMU-to-Velo e
0:'06 mT Cam 2 (color) Z > 0.32
Velo-to-Cam GPS/IMU o
: 1.68m : (height: 0.93 m)
| 0.80 m — 0.81.m. . J 0.48 m
0.27 m
=
—
: 2.71m '

Figure 1.2: Top view of

the car. The coordinate systems that are shown in the

figure are the local coordinate systems for each sensor and their placement [8].

1.4 Overview of the System

The proposed system contains two entities. The first entity is the CNN, which takes
an image as input and outputs a bounding box for each detection. A bounding box

4
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contains pixel position and size of the detection object. The second entity is the
PMBM filter. For each image, it takes bounding boxes as input and outputs state
estimates. An overview of the system is shown in Figure 1.3.

CNN

OBJECT

DETECTION PMBM 3

Figure 1.3: Overview of the system. Images are fed as input to the CNN which
performs object detection. For each object that is detected, a bounding box
containing pixel position and size of the bounding box is fed as an input to the
PMBM filter. The PMBM filter tracks the input and the outputs state estimates.

1.5 Related Work

State—of-the-art single target trackers focus on strong appearance models for per-
forming tracking [9]. However, it is non—trivial how a single target tracker can be
extended to a multi-object—tracker, as the single target trackers assume that the
object of interest will always be detected. Hence, a single target tracker does not
take into account that objects can enter and leave the Field of View (FOV) [9].

The two most common approaches to solve the MOT problems are Multiple Hypoth-
esis Tracking (MHT) and Joint Probabilistic Data Association (JPDA) [4]. MHT builds
on generating hypotheses with respect to if a new measurement belongs to a previ-
ously known target or not. It considers all hypotheses for associating measurement
to targets, thus making the algorithm computationally complex [10]. The posterior
is obtained by creating a mixture of conditional probabilities, where each condi-
tional probability is obtained from weighting how likely each hypothesis is to be the
correct data association [10]. However, the algorithm does not consider nonlinear
measurements, nonlinear dynamics or maneuvering targets [11]. Even though it has
been some years since MHT was developed, it is still competitive in visual tracking,
albeit computationally complex [12].

JPDA is another well-known algorithm that is used for MOT. This filter computes the
measurement—to-target association probabilities jointly across the set of targets.
However, JPDA makes some assumptions. The number of targets are known, where
each target has a motion and measurement model that is affected by zero-mean,
mutually independent white Gaussian noise [13]. Because of the assumption that
the number of targets must be known, JPDA does not handle birth and deaths of
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objects explicitly, thus another component must take care of this if JPDA is used. In
contrast to MHT, JPDA makes decision based on all measurements in each time step
using a weighted sum given by the marginalization of the measurement-to-target
association probabilities, while MHT propagate the hypotheses to get better estimates
[12].

Both MHT and JPDA are extensions of their single target tracking algorithm, and
though they do work for MOT they do not solve one important characteristic, the
number of objects is unknown and time-varying. This is where RFS models are
useful. In a standard Bayes filter the distribution is propagated using recursion
to perform tracking. However, when there is a multi-object—set, a combinatorial
problem occurs. This was solved by introducing the Probability Hypothesis Density
(PHD) [14], and the following Cardinalized-PHD (CPHD). The recursion is similar to
the single target case, however in RFS we work with sets instead of single states. In
single target tracking, the posterior is computed with the first and second moments.
Sufficient statistics ensures that the propagation of these two moments are complete.
However, it is sufficient to only propagate the first order in filtering [14]. This holds
in MOT too when applying the RFS philosophy, but here the first moment is the PHD.

A PHD to a set is similar to what the expected value is for a random variable. The
PHD can be seen as a intensity function and is defined as follows: "PHD is a density
whose integration over a space results in the number of objects present within that
space” [14]. Since the PHDfilter only propagates the first moment it achieves low
computational complexity. However, it has difficulties estimating the cardinality
of the random set [14], especially with high precense of false targets and missed
targets. Thus, CPHD filter was introduced, which similar to the PHD, propagates the
first moment, but it also propagates the complete cardinality distribution [14].

Another tracking algorithm is presented in [15] using a Markov Chain Monte Carlo
(MCMC) approach to the MOT problem. The method uses the illumination intensity
of full images instead of detections in order to not lose any information in the
pre-processing stage. The main idea is to use MCMC to sample from the variables
of interest, see [15] for details. During experiments the tracker seems to perform
well, even in the case of overlapping targets. The tracker is compared with the
Multi-Bernoulli filter in [16], which it outperforms [15]. However, the algorithm
is computationally heavy and it took more than six times longer than the Multi—
Bernoulli filter to run. Furthermore, the authors suggests not to replace an online
tracker with their MCMC—tracker, it is rather to be used to refine online estimates
[15].

In image target tracking, deep learning methods has also been in the scope of re-
search. In [17], the authors propose learning hierarchical features for tracking, which
they integrate with a (at that time) state-of-the—art visual tracking system, namely
the adaptive structural local sparse appearance model presented in [18]. The idea
is to first pre—learn complicated motion transformations offline, and then adapt the
pre-learned features according to the appearance of a specific object of interest in
an online fashion [17]. Please refer to [17] and [18] for details. Experiments have
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shown that the method is robust to both motion transformations and appearance
changes of a target. However, it seems that this system only handles the single
target tracking case for specific objects, so it might be insufficient to use in a MOT
situation. As the tracker is tracking one specific object, the use of the method in
MOT would probably require setting up a filter for each class. For each filter, first
perform the offline pre-learning of the motion transformation for the class. After
which, adapt the pre—learned features according to every detected specific object of
the class. However this seems to be a tedious approach.

In [19] the authors also views the MOT problem as a learning task, using Markov
Decision Processes (MDP) and hierarchical Recurrent Neural Networks for the ap-
pearances, motions and interactions of the objects to estimate their states. The
idea is to compute similarity scores between targets and detections for each of the
three properties and then combine the similarity scores in order to obtain a final
weighting [19]. Another method that is suggested in [20] where again the MOT is
seen as decision making in MDPs. They also use reinforced learning to learn a policy
for the MDP, which in this case is equivalent to learning a similarity function for the
data association.

Other tracking approaches that has been developed in visual tracking have used a
PHD filter to deal with false detections, as it is robust to noisy detections, seeing
some improvement in both detection and tracking. The authors of [21] states that
their algorithm can become more competitive if state—of—the-art appearence features
are used instead of color histograms. In [22], an online convolutional network is
used for visual object tracking, where a regression model is used for predicting
the position of a target and achieves good performance in location precision. In
[16], they use visual detections and the tracking algorithm is based on the Multi—
Bernoulli approach which achieves great results of non-overlapping objects and claim
to achieve more effective results than other existing methods. However, they struggle
with inefficient particle implementations. In [3], they detect single target objects
using corner detection and track targets with a Bernoulli filter. In a video tracking
experiment, their solution had fair accuracy but the trajectory was not smooth due
to the high process noise. Based on these works, it is indicated that the combination
of a CNN and a MOT, filter such as a Multi—-Bernoulli filter, is an interesting idea and
using a combination of both has a potential of performing robust tracking.

1.6 Contributions

The traditional tracking solutions include some sort of JPDA or MHT filter. The
tracking algorithms that use computer vision for generating detections (for example
feature detections) performs tracking using optical flow or other computer vision
methods. The main approach in this thesis is to use a deep neural network for
detections, combined with a classical, Bayesian approach for tracking objects. That
is, using a PMBM filter that builds on the RFS philosophy for modelling objects and
measurements. Additionally, an investigation if pixel information within the detec-
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tions’ bounding boxes can be exploited for tracking purposes is conducted. Finally,
an investigation of which of the image plane or 3D world coordinate system is the
most suitable domain for tracking.

1.7 Report Structure

The structure of the thesis is as following. First, Chapter 2 explains the theory
about object detection and neural networks. Chapter 3 covers the necessary theory
for the MOT problem, including details about the PMBM filter, the different steps are
explained and a section containing a discussion about the evaluation techniques is
included. Chapter 4 contains details about the different setups and implementation
details. The results are presented in Chapter 5 and a discussion about the obtained
results are in Chapter 6, as well as a discussion about future work. Finally, our
conclusions are presented in Chapter 7.



2

Object Detection

The aim with the chapter is to introduce the reader to some basics in image pro-
cessing and object detection, which are important aspects in this thesis. First, as
it is important to be able to describe the position of objects in different coordinate
systems, theory about how to move between different coordinate systems is pre-
sented. Similarly, it is necessary to transform a position in the image plane to a
3D coordinate and contrarily. Furthermore, one method of comparing similarities
between images is presented and theory about neural networks and object detection
is given.

2.1 Change of Coordinate System

In order to use the different sensors in the vehicle, the ability to change the state
vectors between the different coordinate systems is needed. This is done by using a
transformation, consisting of a rotation matrix R € R3*3 and a translation vector
t? € R3*! which takes a state vector from coordinate system a to the coordinate
system b by

a

_ mb | Xa
Xb_Ta[1‘|'

T, = [R} t}] (2.1)

It is also of interest to be able to move a point in a global coordinate system into a
corresponding point in a local coordinate system. The local coordinate system may
be both rotated and translated in comparison with the global coordinate system, a
2D example can be seen in Figure 2.1. Proceeding from the compounding operations
presented in [23] and the transformations given in [24], [25], the change of coordinate
system from global coordinates (x,y) to local coordinates (z',y’), rotated by ¢ and
translated by [t,,]", is given by
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o=l ]

>

Figure 2.1: Transformation of a point (x,y) in a global coordinate system to a
point (z/,9') in a rotated and translated coordinate system.

2.2 Camera

The camera that was used was the left color camera (Cam 2 (color) in Figure 1.2,
now denoted Camy), mounted on the roof of the vehicle.

2.2.1 Camera Coordinate System

The camera coordinate system is given in meters and the origin is defined as the
center of the camera. The reader is referred to Figure 1.1 for an understanding
of how the coordinate system is rotated in relation to the ego-vehicle and other
coordinate systems.

2.2.2 Forward Projection

T
Forward projection is an operation that maps some coordinates [X Y, Z} onto a

T
smaller space with coordinates [x, y} , scaled with some factor w using a matrix P.
P is composed by a 3 x 3 rotation matrix, M, and a translation vector p, P = [M|p].

10
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The projection from an object in a 3D coordinate system onto the image plane is
defined as

x Py P Pz Py
wx=w |y| =PX = [Py Pn P3 Py
1 P31 Py Pz Py

X
Y
, (2.2)
1

Here, the matrix P is the projection matrix where P, ; denotes the i’ row and ;%
column, and X is the homogeneous coordinate (a 3D point) in the camera coordinate
system. Usually, the projected point x is given in homogeneous coordinates, thus it
has to be normalized with w. Note, the depth is lost due to this normalization.

2.2.3 Backward Projection

Backward projection is the operation that maps some coordinates x onto a a larger
space with coordinates X, that is, it is reversing the forward projection. Perform-
ing backward projection is a greater challenge than forward projection due to the
unknown distance (or depth), which has to be estimated in order to recover the
original coordinates. x has to be on the form

>

I

s
e 8

where w is the estimated depth of the object. The 3D point can be recovered if the
depth is known by

X =P'x+\C (2.3)

where PT is the pseudo—-inverse of the projection matrix P, x the image point, A
a scaling factor and C the camera center. The pseudo-inverse is given by Pt =
PT(PPT)~! such that PP™ = I. Furthermore, the camera center is given by the
inverse of the rotation matrix M times the translation vector p, C = —M~!p.

2.3 Image Comparison

One way to describe an image is to describe the distribution of the colors within
the image using a histogram. The histogram is constructed by quantizing the pixel

11
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values for each color. Thus, in the RGB—color space three histograms are needed
to represent the image. Furthermore, since a color histogram only represent the
distribution of the colors within the image and no spatial information, two images
can have similar color distributions and therefore similar histograms, even though
they may look different [26].

Different approaches exist for comparing similarities in images. One solution is to use
the distribution of color inside an image. To check for similarities in two images one
can compare two histograms and see if the color distribution match. One distance
metric that is commonly used for comparing histograms in image classification is
the Chi-square distance [27]. It is defined as

X2(ha, hy) = ;Z (i) — ha(?)) (2.4)

where h; and hy are the histograms of interest, and i is the i**~bin. N is equal to
the range of pixel values.

A cost function which is widely used in tracking [28] is the negative log function. It
can be used for linking similarities by

wye = —In(x2(hy, h)). (2.5)

2.4 Artificiell Neural Networks

A network consisting of neurons is called a neural network, and exist in nature.
Neurons have several inputs, and when the sum of the inputs is above some threshold,
neurons sends a signal further into the network. In computer science, an artificial
neural network performs similarly. By using an activation function, the sum of
inputs will either trigger or not trigger the activation function, where each input
is associated with an input weight. Neural networks can be used to predict future
outputs, or trends, based on some input. For the network to be able to perform
prediction, it has to be trained on a set of training data. Training a neural network
is done by minimizing a cost function, which is achieved by changing the weights of
the activation function.

However, the least cost for the training set might not yield the best performance
on real data, due to overfitting. In deep networks, the most common reason for
overfitting is the large number of parameters. Overfitting is the problem when the
network can perform prediction on the training data very accurately (that is, the
network fit the training set well), but generalizes poorly, and thus the performance
is suboptimal on the validation set and test set. An efficient countermeasure against
overfitting for deep networks is for example drop—out [29]. We refer the reader to [29]

12



2. Object Detection

for further details on how to avoid overfitting.

2.4.1 Activation Functions

An activation functions is a function that takes an input and computes the output.
As the name implies, the function "activies” when the input is above some threshold.
However, the output does not have to be binary, it could be continuous as well.
Common activation functions are the Sigmoid

and Hyperbolic tangent function [30]

sinh(z) e*—e™®

f(x) = tanh(x) = =

cosh(z) e*+e

Another activation function that can be used to estimate a posterior probability of
each class, is the soft—-max function. Given the input vector x, the output probability
for class i is defined as

evi

Y, = N -
Zj:1 evi

Propagating the outputs from the neurons at layer [ — 1 to the next layer [, where
each layer consists of many neurons, a feedforward neural net is achieved. The
output at layer 1 with the input vector x, and the output o; at layer [ with input
vector 0;_; are calculated as follows

0] = f(Wlx + bl)
0O = f(Wlol_l + bl>

where W, is a weight matrix describing how neurons are connected between the
layers [ — 1 and [, f is the activation function and b, is a bias vector [31].

2.4.2 Convolutional Neural Networks

With the advances in deep learning, object detection has become more robust. A
CNN takes an image as an input and performs object detection. The output of

13
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each detected object could be its class, but also a bounding box, which contains
pixel positions and size. One technique for detection is called detection through
classification. It has been shown that CNNs are a promising tool for classification,
thus CNNs can be used for detection through classification [30].

In the image, the detector makes the decision if it is an object or background. Then,
using a bounding box regressor and a range regressor in parallel with the classifier,
a position of the object and a distance is obtained and which class it belongs to,
respectively. CNNs are specifically designed to handle spatial grids as inputs making
it promising for object detection and classification in images. A CNN’s architecture
consists of many layers, making it a deep network.

Each layer has a dimension related to the number of input channels. Typically, the
first layer has an input dimension related to the number of color channels, while
layers at greater depths have a greater number of channels, referred to as feature
maps, but a lower spatial dimension. The end layer has a decreased spatial dimension
that matches the desired output dimension. First, in the earlier layers (referred to as
a feature extractors) feature extraction is performed by the CNN. The later layers are
in this context referred to as a classifier [30]. The output from the feature extractor
is, in addition to the classifier, propagated to the two regressors in parallel. This
is visualized in Figure 2.2. The classifier applies a soft-max function at the end
layer and a probability distribution of the classes are given as the output. The first
regressor outputs the position of each detected object, and the second outputs the
range to each detected object [30]. The main idea is to train the network to detect
certain features such as appearance in images, details of the networks used in this
thesis can be found in [32] and [30].

Prediction
Scores

—

Classifier

Image

Bounding Box
Regressor —

Feature Extractor Coordinates

Regressor

Y o Range

Figure 2.2: Overview of the internals of the CNN. The earlier layers in the
network is referred to as feature extraction, and the later layers are refered to as a
classifier. The output from the feature extractor is sent to the classifier, and the
regressors in parallel [30].

2.4.2.1 Convolution

Using a convolution kernel k with size W x H, and the input image X has size M X N,
the result Y of the convolution will have the size (M —W +1) x (N — H +1), where
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the value at pixel position ¢, 7 will be

W H
Vijg=> > kuyXivw gy

i'=1j'=1
and the convolution operand is denoted

Y =kxX.

One conseqeuence of convolution is a decrease in the spatial dimension between
layers. Let X; be the feature map in some layer with N total feature maps, then the
corresponding feature map in the next layer Y; is calculated by using the element—
wise activation function f;, the feature map X; and a bias b, [30],

N
Y; = f;(Q_ kij * X+ by).

Jj=1

2.4.2.2 Pooling

One way to decrease the spatial dimensions of the feature maps is to perform pooling.
There are two popular pooling functions, the max—pooling and the average—pooling.
Since they produce similar results, only max—pooling will be covered.

By sliding a kernel window of size k X k over the feature map, and at each slide step,
applying the max—function, only the max value inside the sliding kernel window is
kept. The rest of the values inside the window are not stored [30]. The max—pooling
function is visualized in Figure 2.3.

0 5
3 1 5 9
4 5 8 1 7 8

7 6 0 2

Figure 2.3: Visualization of max—pooling with kernel window is 2 x 2, and step
size 2. The red square highlights the maximum value from the pooling operand.

2.4.3 Using CNNs for Object Detection

In CNNs, object detection can be performed by a technique called "detection—through—
classification”. This is commonly done by first obtaining smaller patches of the input
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image, so called proposals, in which the network finds pre-trained features. In the
last layer, the number of feature maps present are set to be the same as the number
of classes where each feature map is associated to one class. By using the soft—
max function the output can be interpreted as a probability distribution of the
classes [30].
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3

Multiple Object Tracking

The task of MOT is a difficult problem due to the need of jointly estimating the number
of targets and their states. Since objects may appear and disappear randomly, by
entering and exiting the FOV, the solution must be able to handle a random number of
objects. Due to a random number of objects, the receiving number of measurement
will also be random. In addition, there could be missed objects, or a measurement
could be considered as clutter. Hence, both the set of object and set of measurements
will be random, and the cardinality of each set will also be random. Therefore, the
measurement—to—target assignment is nontrivial. The purpose of this chapter is to
explain some of the most important theory behind the filter used to perform the
MOT in this thesis. The reader is referred to [5] for full derivation and support during
this section.

3.1 Probability Theory

In the classical view of probability, also known as frequentist statistics, the quantity
of interest is modeled as unknown and deterministic. It is also interpreted by which
frequency an event occurs. However, in case of an unrepeatable event, this definition
is not plausible. Another approach is to model the uncertainties of the quantity as
random, thus the quantity is described as random. This methodology is known as
Bayesian statistics, and is an important topic in this thesis.

A probability density function (PDF) is a function describing how a continuous ran-
dom variable is distributed. Integrating the PDF over an interval yields a probability
of the variable being in that interval. Similarly, a discrete random variable has a
probability mass function (PMF), at each point the function yields a probability of
the variable taking that value. The PDF and PMF should integrate and sum to one,
respectively. In the case when approximating PDF’s and PMF’s, it may be necessary
to scale the functions to validate that this property is fulfilled, this is referred to as
normalization. Some important distributions in this thesis are Bernoulli, Gaussian,
Poisson, and uniform.

Bernoulli distribution: A random variable following a Bernoulli distribution takes
the value 1 with probability p and the value 0 with probability 1 — p, thus the PMF
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is given by

_)p for k=1
Jh) = {1 —p for k=0. (3:1)

Univariate Gaussian distribution: Also known as the normal distribution. The
PDF is defined by two variables, namely the mean p and the variance 0. The PDF is

1 (@—p)?
xr) = e 22 fork=0,1,2,....
0= oo

Poisson distribution: The Poisson distribution is a discrete distribution describing
the rate of events occurring. The function is determined by the average rate, and
the occurrence of an event is independent of the time since the last event happened.
The PMF of a Poisson variable is

where k is the number of events and X is the average rate of events occurring.

Uniform distribution: A uniform distribution can be either continuous or dis-
crete. In this thesis, the continuous uniform distribution is of interest. As the name
suggests, a variable with a uniform distribution takes any value within the limits
with equal probability. The PDF is

1
— z¢€la,b
fl) =4’ .
0 otherwise.
The following concepts regarding probability theory are important:

Prior distribution: The prior knowledge about the distribution of the random
variable of interest z, denoted p(z).

Likelihood representation: The likelihood function, often denoted I(z|z) =
p(z|z) is a function of the data z, given a random variable z. Note that the likelihood
is not a density with regards on the random variable z.

Posterior distribution: The posterior distribution is the distribution of the ran-
dom variable x given a measurement z, thus is denoted p(z|z).

Bayes’ theorem: The relation between the mentioned distributions can be ex-
pressed by Bayes’ theorem, which is a central equation in Bayesian statistics,
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_ plzl2)p() (3.2)

3.2 Bayesian Estimation

Bayesian estimation refers to the task of recursively estimating the state xj, at
time k, from observations z*, where z* are the measurements obtained up to and
including time k. The dependencies are illustrated in Figure 3.1.

The algorithm of estimating the state is divided into two steps, the time update
step (also called prediction) and the measurement update step. Commonly used
algorithms/filters to perform the Bayesian estimation are different variations of the
Kalman Filter (KF), such as Extended KF and Unscented KF. One can also use Monte
Carlo samples, so called Particle filters. The choice of filter is dependent on the
type of distributions and the nonlinearities and uncertainties of the motion and
measurement models.

Figure 3.1: Illustration of Bayesian filtering and dependencies on time and
measurement, updates.

3.2.1 Time Update

In the time update step, the idea is to predict the state x; given measurements up to
time k — 1, zF~!, this is commonly done using the Chapman-Kolmogorov equation,

plxel2 1) = [ ploelxip(xi1|2 )i (3.3)

The transition density p(xg|xx_1) is defined from the choice of motion model x; =
f(Xk_1,Vk_1), where vy is a random noise process included in order to handle un-
certainties and model errors [33]. Namely the time update predicts the motion of
the object.

19



3. Multiple Object Tracking

3.2.2 Measurement Update

The predicted state is updated with the information from the measurement at time k.
The connection between the state and the measurement is given by a measurement
model z; = h(xy, wy), where wy is noise. The measurement model gives rise to
the likelihood of the measurement, namely p(z|x). Since the state is estimated,
it is common that the state is described by its distribution. Thus, it also includes
information about the uncertainty of the estimation. We denote the prediction
distribution pk|k_1(xk\zk_1) and the posterior distribution pk|k(xklzk). Subscript
k|k — 1 means that the variable was computed for time k given measurements up to
time k — 1. Similarly, k|k where measurements up to time k was used. From Bayes’
theorem (3.2) it follows that

pk|k(Xk\Zk) x P(Zk\xk)p(xk)
o< p(zg Xk ) Prip—1 (Xk| 2" ). (3.4)

3.2.3 Kalman Filter

The Kalman filter [34, p. 56] is a way of recursively finding the Bayesian estimate
X of the true state x, see Figure 3.2. Thus it is usually more accurate than filters
that compute their estimates using only the current measurement. First, at time &,
a prediction is made according to the Chapman—Kolmogorov equation (3.3). When
a new measurement is received, an update of said prediction is calculated based on
Bayes’ theorem (3.4). How much the update relies on the prediction and the new
measurement is determined by the Kalman gain, which is a way to weight the two
update steps against each other, depending on their respective uncertainty. It can
be shown that the (linear) Kalman filter is optimal (in the sense of minimizing the
mean square error) in the cases where the noise is Gaussian [35].

Measurement P Z1:1) s
Z ) Update » Xk
A
(%] Z1:1-1) Time < Pkt |Z1:k-1)
p 1:k=1 Update < :

Figure 3.2: Illustration of recursively performing the time and measurement
update steps.
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3.2.3.1 Time Update

As mentioned, during the time update step a prediction of the state is performed
using a motion model f(X;_1, vik_1). In the case of linear motion models and inde-
pendent Gaussian noise, the motion model of the state can be written

Xk = Fro1Xk_1jk-1 + 9x-1.

The time update of the mean and covariance can be computed as

Rik—1 = Fro1Xp_1jp—1
T
Pupr1 =Fp 1Proap 1 Fi  + Qpy,

where Qx_1 is the process noise covariance at time k — 1.

3.2.3.2 Measurement Update

Given a new measurement z; at time k with measurement covariance Ry, we can
update the predicted state. In the case of linear measurement models and inde-
pendent Gaussian noise, we can describe the measurement model z; = h(Xy, wy)
as

Z — Hka + wWg.

The update equations of the Kalman filter are

Rije = Xppp—1 + Kpvy,
T
Py = Prp—1 — KiSi K,

where the Kalman gain Ky, innovation v, the innovation covariance, S, at time k
are

K = Py HL S,
Vi =z — HpZpp—1
Sy = HyPyp1 HL + Ry
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The innovation captures the new information that the new measurement brings and
the Kalman gain determines how much we should rely on this information.

3.2.4 Unscented Kalman Filter

The Kalman filter is derived from linear models, thus is only optimal for this case
and not for nonlinear models. If the models are nonlinear, linearization can be
used, known as the Extended Kalman Filter (EKF). The EKF works well in many
cases, although it may perform poorly if the model is significantly nonlinear within
the uncertainties of the models. However, there are other methods of solving the
estimation task that are more robust to nonlinearities. The derivation of the Kalman
filter contains multiple integrals of the type

| 86N (x; %, Pdx = E[g(x)] (35)

where E[.| denotes the expected value. Furthermore g(x) is either a motion or
measurement model, which can be nonlinear. Integrals as in (3.5) occurs for example
in the Chapman-Kolmogorov equation (3.3) and may look like

/g<Xk71)N(Xk71§ik—1|k—laPk—1|k—1)dxk71-

These integrals can be solved for linear models, however with nonlinear models this
is not the case. Thus, these integrals needs to be approximated, one way of doing
so is to use the Monte Carlo method. The idea is to generate independent and
identically distributed samples x™", x® .. x) from its distribution p(x), then
we can approximate

/ g(x)p(x)dx ~ ~ Z g(x®).

However as the Monte Carlo method relies on picking random samples, it might
require a lot of samples in order to represent the true distribution. As an alternative,
there are so called o—point methods which use deterministic samples chosen in clever
ways to cover a large area of the space even though the number of samples is small.
We will focus on one of these, the so called Unscented Kalman Filter (UKF) [34,
p. 86]. Two advantages of this filter are that it is efficient since it uses quite few
samples, and it also only has one tuning parameter.

3.2.4.1 Time Update

With a state vector x; of dimension n, the idea is to generate 2n + 1 o—points Y,
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0 _ ¢
Xri1 = Xk—1]k—1

(4 IN n (1/2) .
Xil1 = Xg—1k—1 T T WOPi’k_”’C_l’ 1=1,2,...,n
XU = Ry — 4| ——P? i=1.2..n
k—1 —1lk— 1 — WO i,k—1lk—1> g Ly eeey Il

where W, is the tuning parameter (namely the weight of x(?). P(/2) is a matrix
such that

P= P(1/2)(P(1/2))T

and Pz(l/ ?) is its ith column. The UKF prediction equations are then given by

2n )
Rifb—1 =Y £(xi )W,

=0

2n )
Prp—1=Qr1 + Z(f(xl(il) — K1) ()W,
i=0
where W; = (1 —Wy)/2n fori =1,2,...,n.

3.2.4.2 Measurement Update

Similarly, in the measurement update step, the o—points are chosen to

(0)

0 A
Xi = Xklk—1
(i) _ & n (1/2) )
Xk = Xk‘k)—l + \/;Pi,kk—l7 1 = 17 2, .., n
(itn) _ A . n (1/2) o
Xk - Xk}‘k—l 1 . WOPZ,k\kil, — 17 27 . ,n

Wy is again a tuning parameter. We can now compute the necessary moments
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2n

2k|k—1 = Z h(X;(j))Wi
=0
2n 0) 0 T
Py =2 (Xk - iklkfl) (h<Xk ) — ﬁk\kﬂ) W;
=0
2n )
Sk =Ri+ Y (h(x”) = Zue—st) () W, (3.6)

1=0

from which the estimate and its covariance can be calculated

Rife = Rife—1 + Py Sy (26 — Ziji—1) (3.7)
Py = Pyp1 — PSPy

3.3 Motion Models

Motion models are used to describe the motion of moving objects. There are different
ways to describe these motions, with various complexity. This section aims to explain
the motion models used in this project.

3.3.1 Motion Model Discretization

In a linear continuous system, the kinematics of the state—vector x is described by
the motion model

x(t) = Fx(t) +4(t), a~N(0,Q),

where F describes how the derivatives, X, of the state vector is dependent on the
states, and q is noise. Furthermore, A/(.) denotes a Guassian (Normal) distribution.
In order to use the models in a recursive filter, we need to discretize the continuous
system. Rearranging and multiplying with e~¥? gives

e Fix(t) — e FIFx(t) = e Flg(t),

we can now integrate both sides from ¢ to ¢t + 7', where T is the time between two
consecutive samples,
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. t+T
TN+ ) e Fx(t) = [ e F(rar
t

Rearranging and multiplying with e¥*+7)

gives the final expression,

3 +T
x(t+T) = eFTx(t) + /t GF(H_T_T)CI(T)dT,

which can be rewritten into a discrete recursive form

X = Fp1Xp—1 + qr_1

k-1 ~ N(0,Qp-1)

namely

- t+1T -
xi= o+ [ FETG(rr, (3.9)
F
qr—1

where the noise covariance Qj_; under the assumption of time invariant noise is

Qi1 =Cov{x(t+T),x(t)}

= [ FQeF dr. (3.10)

3.3.2 Constant Velocity

Using the Constant Velocity (CV) model, the velocity is modeled as a random walk
process. Recall the equation for a continuous system

X(t) = Fx(t) +4(t), a~N(0,Q).

For the CV model, we have that
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~[p(®)
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where p(t) is the position and v(t) is the velocity. Using (3.9) and (3.10), we get
that

F— [(1) ﬂ (3.11)
Q=05 Eig T;/ 2] . (3.12)

3.3.3 Constant Acceleration

For the Constant Acceleration (CA) motion model, the acceleration is modeled as a
random walk. The motion model is defined as
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where a(t) is the acceleration. Again using (3.9) and (3.10), we obtain

1 T T?/2
F=1[0 1 T
00 1
T°/20 T*/8 T%/6
Q=03 |T*8 T3/3 T?%/2|.
T3/6 T?/2 T
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3.4 Random Finite Sets in Multiple Object Track-

ing

A Random Finite Set (RFS) is a set of random variables, where the cardinality
is also modeled as a random variable. Thus, given a scenario where the number
of objects is unknown, and where the measurement—to—target association is also
unknown, RFS is a mathematical concept that is useful when modeling such prob-
lems. Different filters may be derived when using RFS to model the MOT problem. If
probability generating functionals (PGFL’s) are used different filters can be derived.
For example, Track—Oriented Multi-Bernoulli (TOMB) and Measurement—Oriented
Multi-Bernoulli (MOMB) filters. We refer the reader to [36]-[38] for a deeper discus-
sion about PGFL’s and the derivations of MOMB and TOMB. However, by applying the
conjugacy property instead of using PGFL’s, a filter called Poisson Multi—-Bernoulli
Mixture filter can be derived.

Describing the MOT problem using the RFS framework, the set of objects and the set
of measurements are modeled as RFS. The target state, x € R"*, includes variables
describing the interesting parameters of a target. For example, the target state can
include position, rotations and kinematics of a target. The task in Bayesian filtering
is to estimate the target state, however in MOT the scene is not restricted to only
one object. Therefore, in MOT the task is rather to estimate the multi-target state,
X € F(R"™), which is a set of single target states x. JF(R™) is the space of all
finite subsets of R"*. The measurement set is denoted Z € F(R"*). Note that the
multi-target set X and the measurement set Z can be of different sizes.

3.5 Poisson Multi-Bernoulli Mixture Filter

A possible solution for the MOT problem is the Poisson Multi-Bernoulli Mixture
Filter. The aim with the PMBM filter is to find the Bayesian estimate of the state
vector of all targets within the area of interest and it builds upon the idea of RFS
and conjugate priors. How MOT uses RFS is explained in Section 3.4. The following
paragraph explains the concept of conjugacy.

The concept of conjugacy is that the distribution of a conjugate initial prior is
preserved in the prediction and measurement update steps. Thus, the prediction
and posterior distributions will belong to the same family of distributions as the
initial prior [39]. This property simplifies the problem and the distributions of the
targets can be explained in the same manner through the recursion. Especially,
the concept of conjugacy allows us to write the posterior in terms of single target
prediction and measurement updates, which is less difficult to compute than the
full multi-target prediction and measurement update [5]. A common distribution
used for modeling the state of the object, the transition density and likelihood is
the Gaussian distribution [33].
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One problem in MOT is solving the data association, that is, deciding which mea-
surement originates from which confirmed object and also, which measurements are
generated by new objects. An assumption for the PMBM filter in this thesis is that an
object can give rise to a maximum of one measurement, which is also known as point
targets. The PMBM filter handles the data association problem by creating multiple
hypotheses. A single target hypothesis is an association between a measurement to
either a new or an old target.

For each old target, a single target hypothesis is created connecting the old object
to each of the newly obtained measurements. Furthermore, a missed detection
hypothesis is created for each old target, capturing the fact that the old target
might not have given rise to any measurement. Additionally, for each obtained
measurement a single target hypothesis is generated associating one measurement
to a new target. One simple hypothesis tree is visualized in Figure 3.3. During
each time step, all of the measurements must be assigned to an object, either an
old or new target. This is done by generating global hypotheses, which is a way of
combining the single target hypotheses.

Target 1

MAT1 Target 2

M.D M1T2 N.E M1T2

Figure 3.3: Assume that during the first time step we have made the association
that Target 1 is assigned to measurement 1. During the next time step, the target
can either be missed (M.D), or associated to the one measurement obtained at the
second time step. Additionally, a second target is created that is either
non-existent (N.E), or associated to the measurement obtained during the second
time step. There are two possible global hypotheses; 1) The measurement is
connected to Target 1 and Target 2 is non existence. 2) Target 1 is missed and
Target 2 is associated to measurement 2.

3.5.1 The Conjugate Prior

The main idea of the PMBM filter is to model both the potentially detected targets
and the undetected targets. An object is described by a Bernoulli distribution,
which includes a probability of existence r;; and also a state density p;, of the
potential target ¢ in global hypothesis 7. In this section, the time dependency has
been dropped for brevity. Recall the Bernoulli PMF in (3.1), the Bernoulli RFS has
set density
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riipgi(x) X = {x}
fia(X)=q1 =1, X=0

0 otherwise.

Since the task involves tracking multiple targets, the distribution of all the targets
are described by a Multi-Bernoulli (MB), which is a union of independent Bernoulli
distribution. Each individual set in the union captures whether or not a target exists.
Furthermore, in the PMBM filter there is an uncertainty of which measurement belongs
to which target, leading to the creation different global hypotheses. By building a
tree of single target hypotheses and combining those into unique global hypotheses
an estimate of the current objects that exists given a set of measurements can be
calculated. Multiple global hypotheses generates a MB Mixture (MBM), which is the
distribution of the potential targets, namely

)« Y TTwsf(Xo), (3.13)

i XiW. WX,=X i=1

where X is an empty or single target set. Here, j is the global hypothesis index,
w;; and f;; are the weight and Bernoulli distribution of potentially detected target
i, and n is the total number of potentially detected targets. Additionally, W is the
notation for disjoint union.

Moreover, the undetected targets are modeled as a Poisson Point Process (PPP). By
doing so, the number of hypotheses to cover the potential targets can be efficiently
managed [5]. The idea of the Poisson part is to model potential (but undetected)
targets that are either occluded or outside the sensors field of view (FOV). There are
three scenarios whenever a new measurement is obtained, either the measurement
originates from a new potential target, a previously detected target or clutter. The
PPP is state-dependent, new objects will be detected in the edges of the FOV or
around other objects, where occlusion is present. The Poisson density is defined as

FP(X) = e Jneode), )X (3.14)

where p is the Poisson intensity and [u(-)]Y = Tleex #(X), [1(1)]? = 1. By com-
bining (3.13) and (3.14) we obtain the joint distribution between undetected and
potential targets as

fx)= > fE)fmmm), (3.15)

Y+W=X

where Y is the set of undetected targets and W is the set of potentially detected
targets. Combining (3.13) and (3.15) the PMBM—density can be written as
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f(X) > YY) ﬁ wji f5,i(Xi)- (3.16)

VWX, WX,=X j i=1

where X; is an empty or single target set, and Y is the set with any cardinality
subject to the constraint Y W X; W... X, = X.

The likelihood of a point target measurement model is characterized by the prob-
ability that an object with density p(z|x;) is detected, given by the probability
of detection py(x;), and if the object is missed it corresponds to a probability of
1 — pa(x;). As an object can give rise to at most one measurement per time in-
stance, the measurement from object i, Z;, whose cardinality is greater than 1 has
a probability of 0. Following this, the likelihood can be written as,

UZ{xts o)) = Y [ f[li(ziyxi) (3.17)

ZWZy..WZn=2

where Z; is the set of measurement from target ¢, Z€ is the set of clutter measurement
and it is a Poisson point process with intensity ¢(-) (also called probability hypothesis
density, which can be interpreted as a multi-target density), A. = [ ¢(z)dz and

) pa(x)p(z|x) Z ={z}
(Z]x) = {1 — pa(x) Z =10
0 |Z| > 1.

The sum over Z°W Z; ... W Z, = Z goes through all possible sets that meet the
requirement, that is, it goes through all measurement—to-target associations.

3.5.2 Time Update

Performing the time update of the conjugate prior consists of two steps, namely pre-
dicting the undetected target and the potential targets separately. The undetected
objects are modelled by a Poisson process which has a predicted intensity [5]

p(x) = (%) + [ gxIy)pa(y)A" (¥)dy,

where \°(x) is the birth intensity, A\%(x) is the posterior intensity of the Poisson
part, and g(x|y) is the transition density. The prediction of the Multi-Bernoulli
mixture is
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wj,i = w;‘Z
ria =1 [ PhyIpe(y)dy

Pji X / 9(x|y)ps(y)ri:(y)dy,

where the parameters with superscript u is the previously updated parameter for
the posterior Multi-Bernoulli Mixture given in Section 3.5.3.2, see [5] for details.

3.5.3 Measurement Update

Similarly as the time update step, the measurement update also consists of two
separate steps, namely a measurement update of the undetected targets and the
potential targets, respectively. As the measurement update is more complex than
the time update, the update of the different components are divided into sections.

3.5.3.1 Poisson Prior Update

For a target set X = {x1,...,%,} and a set of measurement Z = {zy,...,z,}, the
likelihood can be written as

(ZX)=e> % 1= ROl x L) (3.18)

UwYi.. WY, =X

where

~ pa(y)p(zly) Y ={y}
[(2z]Y) =< c(2) Y =10
0 Y| > 0.

The set X can be decomposed into the set of undetected targets U, and the set
Yi,..., Y, such that U WY, ---wY,, = X for all possible sets. Y; can either be
empty, that is, the obtained measurement ¢ is clutter, or single target state if the
measurement belongs to a target [5].

Recall Bayes’ rule (3.2) for scalars and vectors. Similarly, Bayes’ rule for RFS is
given by

W(Z|1X)f(X)

q(X|Z) = 7))

(3.19)
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where

p(2) = [UZ1X)F(X)6X

_ i/z(z\{xl,...,xn}) % ({0, 3 (X1, %),

Substituting (3.18) into Bayes’s rule, the posterior can be calculated as

P2 Y @O [PV (3.20)
UwY;.. .WY,,=X =1
where
¢(U) o [(1 = pa(-))u(-)]Y (3.21)
" (Yilz:) = [(z:|Y0) f2(Y2) /(e ] #0982 ()
(z)pP(ylz:) Y= {y}
= {1 —17(z) Y =0 (3.22)
0 otherwise
and
rP(2;) = e(z;) /" (2) (3.23)

PP(ylz:) = pa(y)p(zily) n(y)/e(z:)
(@) = [ p@ly)pay)n)dy

= c(z;) + e(z;). (3.24)

The Poisson posterior in (3.20) represent the undetected objects. The Poisson com-
ponent in the RFS U has an intensity given by (3.21), while the Bernoulli compo-
nent in the RFS Y; has a density given in (3.22) and a probability of existence given
in (3.23).

3.5.3.2 Updating One Bernoulli Component

The posterior for one Bernoulli component is denoted by
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0;,i(Xil Zi) = t(Zi| Xi) f1.6(Xi) [ pj.i(Zi) (3.25)
where
pialZ) = [ HZIX) f(X)0X (3.26)

and t(Z;]X;) is the likelihood of a set without clutter, and is defined as

pa(x)l(z|x) Z; ={z} and X; = {x}
1—py(x) Zi=0and X; = {x}
1 ZZ = @ and Xl = @

0 otherwise.

H(Zi| Xs) = (3.27)

From (3.27), two cases are of interest, namely when ¢ # 0, which is when Z; = {z}
or Z; = (0. When Z; = {z}, t is non—zero if X; = {x}. Hence,

pial{x}) =7y [ a(x)I(x|x)pjidx (3.28)

Combining (3.28) and (3.25), the probability of existence is 1 and the state density
is proportional to pq(x)l(z|x)p;,; [5].

When Z; = (), t is non—zero when X is either empty or contains one target, that is,
X; =0 or X; = {x}. Therefore,

pii(0) =1—=r;;+7r;; /(1 — pa(x))p;.i(x)dx. (3.29)

Combining (3.25) with (3.29), the probability of existence is now given by

i | [ (1= paDpia0)| /04i(0)

and the state density is proportional to (1 — pa(x))p;:(x), see details in [5].

3.5.3.3 Conjugate Prior Update

The posterior for the conjugate prior is given by combining the likelihood (3.17) and
the prior (3.16) with Bayes’ law (3.19). We obtain
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(X2 Y HZY X 8.8 X) ) x S [ wef (X0,

YWX1. WXp=X j i=1

In [5] it is shown that this posterior can be written as the union of two independent
processes, a Poisson and a Bernoulli mixture which proves that this is the conjugate
with the respect to the point target measurement model.

If a newly potentially detected object is assigned to a measurement in the global
hypothesis, the probability of existence for this object is set to r;; = 1, and its
hypothesis weight is described by (3.24) and Bernoulli component by (3.22). If a
new object is not considered in the global hypothesis 7, its hypothesis weight is set
to 1 and its probability of existence to 0 [5]. For a previously detected targets, its
hypothesis weight is updated by getting multiplied by p;; from (3.26), and depending
on whether the measurement Z; contains a detection or not, the Bernoulli component
is one of the two cases described in Section 3.5.3.2.

3.5.4 Estimator

Finding the best global hypothesis corresponds to finding the global hypothesis that
in total contains the highest weights in each Bernoulli component. Thus, the index
for the best global hypothesis is found by

n

j* = argmax H Wi
J i=1

The mean of the spatial distribution of each Bernoulli component in the global
hypothesis j* is outputed as an estimated object if the probability of existence for
said Bernoulli component is above a threshold I'.

3.6 Modeling Object Births

This section describes two ways of modeling the undetected targets. The first
method explains the intensity of undetected targets as a Gaussian mixture, which
can be quite computationally heavy. Instead, the birth of objects can be modelled
by a uniform distribution, which is the second method explained.
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3.6.1 Modelling the Poisson Component using a Gaussian
Mixture

Approximating the Poisson component as a Gaussian mixture (GM) can be done by
generating a large number of undetected object hypotheses, randomly spread inside
the FOV, combined with a covariance matrix to cover the uncertainties. The state of
the undetected object hypotheses are then updated by the time and measurement
update steps according to the KF equations. In addition, the Bernoulli components
are updated similarly as for potentially detected targets, see Section 3.5.2 and Sec-
tion 3.5.3.2. However, approximating the Poisson component with a GM has high
computational complexity, as a large number of Gaussian components has to be
included in the GM to cover the whole FOV. The Gaussian components does not only
have to be generated, but also updated during the time and measurement update
steps.

3.6.2 Modelling the Poisson Component using a Uniform
Distribution

Instead of generating samples from a Gaussian distribution and forming a mixture,
new objects can be created using the uniform distribution. This is an approximating
with higher or similar accuracy as a Gaussian mixture. It was shown in [40] that the
accuracy is higher for uniform births if the number of components in the GM is low,
and similar accuracy as a GM with large number of parameters. Thus, the trade-off
between accuracy and complexity is not really existing, given the similar perfor-
mance claimed in [40]. Hence, by allowing the births to be uniformly distributed in
position, they can be expressed as

v(x,2) = arg max wiU(z; B)N (z; h(x),P)

where 3 is the the FOV and wy, is the expected number of new targets at time k. h
is the measurement model and P is the tunable birth covariance matrix. Note that
instead of generating multiple objects by sampling from a Gaussian distribution to
create a mixture. Here only one sample is needed, which is the measurement itself.

3.7 Complexity Reduction

One issue with data association is the computational complexity. Namely as the
number of measurements and targets increases, the number of possible measurement—
to—target associations increases, leading to a drastic increase in the number of pos-
sible combinations. Although, since all measurements are assigned to all objects,
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many of the hypotheses will have low weight, i.e. be unlikely. So, different methods
can be used in order to remove low weighted hypotheses and reduce the complexity
of the filter. In this section, the most common methods are explained.

3.7.1 Gating

One way to reduce computational complexity is to pre-select only relevant mea-
surement for doing computations. In tracking, this is used by avoiding unnecessary
measurement-to-target associations. One common technique that is widely used is
elliptical gating [41]. The score that is used to determine if a measurement is suitable
or not is the Mahalanobis distance [41].

Given a measurement prediction Z; for the ith potential target, and a measurement
z;, their uncertainty from prediction and measurement noise is represented by the
residual covariance matrix S. The Mahalanobis distance is then calculated by

d?\/[ = [21 — Zj]TS_l[Zi - Zj]. (330)

If d2, < G where G is a threshold, then the measurement j is considered relevant
for object 7. Another score that can be used is the Euclidean Distance

d% = [21 - Zj]T[ii - Zj] (331)

which, unlike (3.30), does not take the residual covariance matrix into account. How-
ever, since (3.31) does not require a matrix inversion it may be faster to calculate.
Elliptical gating using the Mahablanobis distance is still widely used due to it takes
the prediction uncertainty and measurement noise into account.

3.7.2 Optimal Assignment Algorithm

The Hungarian algorithm is a way of finding the best assignment by using a cost
matrix [42]. As an example, say that three tasks are to be executed by three persons.
Each person has a different cost for each task, see Table 3.1, and only one person
can be assigned to each task. Running the Hungarian algorithm on the task would
find the lowest cost of 3, by assigning Person I to Task 1, Person 2 to Task 3 and
Person 3 to Task 2.
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Table 3.1: Example of the Hungarian method. Each task shall be assigned to one
person and each person can only be assigned to one task, such that the total cost
is minimized. The optimal assignment is marked with bold numbers, with total

cost of 3.
Task 1 | Task 2 | Task 3
Person 1 1 2 2
Person 2 2 2 1
Person 3 2 1 2

This assignment problem is similar to assigning measurements to point targets.
However, it might be of interest to not only find the absolute lowest cost assignment,
but the K lowest cost assignments. An extension to the Hungarian algorithm is
Murty’s algorithm [43], which does exactly that.

3.8 Evaluation

This section aims to introduce the two different evaluation metrices that were used
to validate the developed system.

3.8.1 Generalized Optimal Subpattern Assignment

Generalized Optimal Subpattern Assignment (GOSPA) is a metric that is mathemat-
ically consistent. GOSPA penalizes not only localization error, but also cardinality
mismatch between the estimate and ground truth. That is, the GOSPA score will
increase with increasing localization error and increasing cardinality mismatch [44].
It can be defined as

1/p
P
d(ca)(XY —mm[( Z d:}:z,y] C@(|X|+|Y|—2|’7|))]

(4,9)er

where X is the set for ground truth objects and Y is the set of estimates. d(z;,y;) is
a distance measure, 7 the assignment set between {1,...,|X|} and {1,...,|Y |} inall
the possible assignment sets I', where |.| denotes cardinality. p penalizes the outliers
and ¢ determines the maximum location error. If |[X| > |Y| then dl*9(X,Y) £
dle) (Y, X). For a RFS and setting d(x;,y;) as the Euclidean distance, a metric is

the root mean square GOSPA /E[dy“(X,Y)r] [44].
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3.8.2 CLEAR-MOT

Another way to evaluate MOT is by the CLEAR-MOT performance measure. This mea-
sure contains multiple ranking criteria, but the two most used performance measures
are Multiple Object Tracking Precision (MOTP) and Multiple Object Tracking Accu-
racy (MOTA). MOTP measures the total error in position for a matched pair between
an estimate and an object, averaged over the number of total matched pairs [45],
namely

i di

MOTP = —/———.
> C

Where d! denotes the distance in assignment 7 at time ¢ between an estimated object
and a ground truth object, and ¢; is the number of assignments at time t. t goes
through all time instances and 7 though all assignments at each time. The other
measure, MOTA, takes into account all the false negatives (fn, missed objects), false
positives (fp, estimates corresponding to no true object) and the mismatches (mme,
for example when the tracker changes label on two nearby objects) over all frames,

> fny + fp, + mme;

MOTA =1 —
>t Gt

where g; is the number of ground truth detections in frame ¢. Other measures that
are included are for example Mostly Tracked, Partly Tracked and Mostly Lost. The
metric in CLEAR-MOT is a way to measure closeness between trajectories.

An evaluation script is available from KITTI [7] where the CLEAR-MOT measure is
calculated. This script separates the object classes between Car and Pedestrian.
According to [7], due to multiple ranking criteria, there is no clear way to rank the
performance of a method with respect to CLEAR-MOT, that is, there is no clear way
to say that MOTA carries more weight than for example MOTP or MT. Furthermore,
MOTA and MOTP are measures of closeness between trajectories, and can distinguish
good trackers from bad. However it does so based on a heuristic procedure, which is
unintuitive. In addition, MOTP is also mathematically inconsistent, hence MOTP is not
a metric in a mathematical sense [46] even if it is presented as one in [45]. Although,
as other tracking methods have evaluated their systems on the KITTI data set using
this measure, it is still considered in this thesis.

Furthermore, Recall Rate and Precision Rate will be used. Recall Rate de-
scribes the sensitivity, that is, the ratio of how many positives were actually true
positives. Precision Rate measures the ratio of how many negatives were correctly
associated as negatives. These are defined as
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Precision Rate =

Recall Rate =

tp

tp + fp
tp

tp + fn’
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Implementation

This section will describe the method and implementation details in a concrete man-
ner. All code was written in MATLAB. Two different approaches were implemented,
by using a state vector in the 2D image plane and in the 3D world coordinates,
respectively. There are benefits and disadvantages for both methods, but ultimately
tracking in 3D world coordinates yields better performance, which is presented in
Section 5 and discussed in Section 6. First, general methods and choices used for
both ways of modeling the problem are presented, after which specifics for the dif-
ferent methods are described.

4.1 Complexity Reduction

Four methods are used in order to reduce computational complexity, these are uni-
form births, elliptical gating, Murty’s algorithm and pruning.

Uniform Births: In order to increase computational efficiency, the birth of objects
were modeled as a uniform distribution in the FOV. In Section 3.6.2 it is stated that
this approach does not suffer from lower accuracy compared to a more computa-
tionally complex method such as generating births as a GM. With this approach, we
save computational time by not having to generate and update the components in
the GM.

Elliptical gating: The elliptical gating described in Section 3.7.1 is used such
that a measurement—to—target association is considered if the the measurement lies
within three standard deviations of the innovation, which corresponds to almost 99%
of the probability mass. Using (3.30) results in a Mahalanobis distance of d,,, < 3.

Murty’s algorithm: After all single target hypotheses are generated, that is, when
all measurement—to—target associations after gating are computed for all old global
hypotheses and hypotheses for newly detected targets are created, the new global
hypotheses needs to be calculated. This is done by creating a cost matrix according
to the weights for associating the measurements to the old and new objects. The
weight that the measurement belongs to a new target is defined as
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Whew(z) = In(diag(p”(2))),

where pP(z) = e(z) + ¢(z) as in (3.24). The hypothesis weight is normalized with
the weight that corresponds to a missed detection,

wjiry.ipaN (2 h(X;,), S;4))
(wji(1 =7y +75:(1 — pa)))

W(z) =

By using logarithmic weights, we obtain the normalized weight

Woia(z) = wj; 4+ In (rjipaN (z; h(X;,), S;54))
—In (w;i(1 =7 +715:(1 — pa))) -

With this, the cost matrix for associating measurements to old and new potential
targets can be written as

C= _[Wolcb Wnew]~ (41)

Note, Wy € R™*™ and Wye,, € R™*™, where n; is the number of targets in global
hypothesis j and m is the number of measurements. The K best new global hypothe-
ses are generated by minimizing the tr(STC) with the help of Murty’s algorithm,
where S is a assignment matrix where each row sums to one and each column can
sum to 0 or 1. Following the advice from [5], we selected K = [N}, - w;| number of
new global hypotheses generated from each old global hypothesis, where the global
hypothesis weight is w; = >N w;,; and N}, is the desired number of total global
hypotheses.

Pruning: Targets with a probability of existence lower than a threshold I' are
simply discarded in the end of each iteration.

4.2 Similarity Score

To improve the frame-to—frame measurement—to—object assignments a similarity
score based on color comparison within the bounding box was used. The idea was
that if the object at time £ — 1 and at time k share the same color distribution, the
target hypothesis weight should be increased. This is realized by using the negative
logarithm as a cost function.

The distance measure used is the Chi-square distance (2.4). To measure if two
objects are similar, an image patch was extracted around the objects. For each
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image patch three (normalized) histograms were computed in the RGB color—space.
Then an average distance over all three color channels was calculated using the
Chi—square distance [47]. Because the image patches were in color, it was necessary
to compute the distance for each color channel and then compute the average [47].
Thus, the overall similarity for an image patch is the average similarity in each color
channel. Using (2.5), the weight corresponding to the similarity is given by:

wj,i»(? (Z) = _ln(Xavg(Xj,ia Z)Q) (42)

for object ¢ in global hypothesis j and measurement z. Because the histograms were
normalized to integrate to 1, the average distance is bounded by [0, 1]. This ensures
that the updated hypothesis weight for each target does not increase unbounded.
Since the positions of the bounding boxes may not be perfect and background may
be present within the box, a scaling parameter is included. The color distribution
is measured within some percentage of the full bounding box size, typically 90% for
our system. This way, it is more likely that the color distribution of the bounding
box represents the object and not background.

The more similar two objects are, the lower the Chi-square distance will be for
the color histograms, converging towards zero. With the negative logarithm as a
cost function, is follows that the target hypothesis weight is increased when the
histograms are similar. The maximum distance between two normalized histograms
is 1, it can be seen in (4.2) that the weight will evaluate to 0 in that case, thus if
the color distribution between two frames are entirely different, it will not affect the
target hypothesis weight.

4.3 Time Update

As mentioned in Section 3.5.2, the time update includes both the undetected targets
and the potential targets. However, as the births are modeled by a uniform distri-
bution, the undetected part is no longer affected by the time update step. Since
only linear motion models are considered, the time update of the potential targets
are computed by the Kalman equations, thus the predicted states are

piulx) = N FR, FPLF £ Q)

Note that the time dependency has been dropped to avoid a cluttered notation.
Furthermore, the weight of the predicted Bernoulli component is equal to the weight
of the previous posterior estimate, w;; = wj,. The probability of existence is given
by rji = rps(FX%;), where p,(x) is high for x inside FOV and low if x is outside.

Prediction of Color distribution: The motion of the color distributions is mod-
eled by a random walk. Thus, each component of the color distribution is updated
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using the KF equations, see Section 3.2.3.1. It is assumed that the distribution is
affected by Gaussian noise.

4.4 Measurement Update

The measurement update step consists of two separate updates, namely update of
the potential targets detected for the first time and update of the previous potential
targets. The birth of a new object is modelled by the uniform distribution, and is
updated according to the measurement equations at the time of its birth. The mea-
surement error is modeled as a Gaussian variable. It is assumed that the probability
of detection py is constant.

Potential targets detected for the first time: One potential target is created
for each of the obtained measurements. The update equations for the potential
targets detected for the first time is given in Section 3.5.3.1. Combining the update
equations with the uniformly distributed births yields for measurement z

e(z) = pawpirinN (2; Z, Pyirin) (4.3)
Pr(ylz) = N6 R(2), Ppui),

>t

where %% ,(z) = h™'(z) and P}, are the estimate and estimation covariance re-
spectively, obtained by passing the measurement through the inverse measurement
model and are given by (3.7) and (3.8), respectively. Note, (4.3) is originally given

by

e(z) = pawpirnN (z; W(X}; ;(2)), S,.i)

where S, ; is the measurement noise covariance. However as the births are modeled
by a uniform distribution, this would involve finding the state vector corresponding
to the measurement and then compute the estimated measurement through the
measurement model. Thus, (4.3) is used instead to decrease complexity. Also note
that pg, wyiren and Py, are tuning parameters. A global hypothesis j considering
the potential target ¢ detected for the first time has a Bernoulli weight given by
(3.24), namely w;; = In(pP(z)) and probability of existence given by (3.23). If global
hypothesis 7 does not consider the new potential target, the logarithmic weight is
w;; = 0 and the probability of existence is set to zero.

Potential targets: Recall Section 3.5.3.2 for updating one Bernoulli component.
Consider an object ¢ in global hypothesis j, the update of this component consists
of two cases, namely that the object is or is not detected. The missed detection
hypothesis weight is updated to
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Wi + 1I1(1 —Tji + Tj’i(l — pd)),
its Bernoulli component will have probability of existence

ri(1 = pa)/ (L =7 +15:(1 — pa)) (4.4)

and the target density stays the same.

For the case where the object is assumed to be detected, a single target hypothesis
is created for each relevant measurement after ellipsoidal gating. For measurement
z, the updated hypothesis weight is

wi; = wii + I (rpaN (z:h(R;,), S5,)) -

The Bernoulli component has probability of existence equal to one and state density
distributed as

pii(x) = N(x;%5;(2), PY))

where %¥,(z), P¥; and S;; are computed using either a KF or a UKF depending on if
the measurement model is linear or not, see Section 3.2.3 and Section 3.2.4.

The hypothesis weight is then adjusted according to the color comparison mentioned
in Section 4.2, thus the final single target hypothesis weight is w}; + w;;\2(z).

Color Distribution: The update of the color distribution is performed by using
the KF measurement update equations given in Section 3.2.3.2. The measurement
z contains the color distribution within the bounding—box, which means it can be
compared directly with the predicted state of the color distribution. Therefore, the
measurement, model for the color distribution is a one-to—one mapping.

4.5 Estimator

The theory for the estimator used is explained in Section 3.5.4. However, a slight
modification is needed since the weights are in the log—domain. Thus the best global
hypothesis is

n

j* = arg max Z Wi
J i=1
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Also, as mentioned in Section 3.5.4, only Bernoulli components with a probability
of existence above the threshold I' is included in the estimate. As an extension
to the estimator, one can add a feature of confirmed targets. Namely, a potential
object is declared as a confirmed target and included in the estimate, if it has had
a probability of existence above a threshold, ngy,y number of times. This feature
allows the filter to be tuned to remove temporal false positives arising in less than
Neons frames. However, note that this comes with the penalty of also delaying the
estimates of true objects by ngo,s frames.

4.6 Numerical Instability

In cases where the probabilities are significantly small, using linear probabilities
may not generate satisfying results due to rounding the probabilities to zero. Thus,
taking the logarithm of the probabilities can be preferred as this eliminates this
problem. This is useful in situations where as mentioned, the probabilities are
small, but they still have to be compared to each other. Using log-probabilities
applies the standard logarithmic rules, leading to a change in the way to normalize
the distribution. Namely for the discrete case, the normalization factor wjegp, sum Of
unnormalized weights Wog.1, ..., Wiogs, N is given by

N N
~ ~ p—
Wiogh,sum = logb Z Wiogb,i = Wiogh,0 + logb (1 + Z b*ieat. logb’0> 5
=0 =0

where the weights are ordered such that wWi,gpo0 < Wiegp1 < ... < Wipgp,n- The
normalized weights are then given by

Wiogb,i = wlogb,i — Wiogb,sum-

Each iteration, the covariance matrix P is estimated based on statistical properties
explained in Section 3.2.3. At each iteration, rounding may occur, hence losing
accuracy in P which may lead to numerical instability, especially when inverting
the innovation matrix S, which is dependent on P. By forcing P to be symmetric

by setting P = P+2PT, P becomes robust against non—invertible problems.

4.7 Overall Algorithm

The overall algorithm of the filter is presented in Algorithm 1. Note that in the
case where no measurement is obtained, the filter will perform the time update
step and create miss detection hypotheses for each old target and not perform the
measurement update.
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When a hypothesis for a potential target detected for the first time is created, or a
measurement—to—target association is made, the probability of existence is compared
to a threshold. By counting the number of times a potential target has been above
the threshold, we can choose to include potential targets in the estimate which
are considered confirmed, by being above the threshold a number of times. This
improves the robustness of the filter as false positives are less likely to be seen as
true objects. This also introduces a delay in including true objects in the estimate.

The more global hypotheses that are computed and kept, the less approximate the
filter is. There are also methods of merging global hypotheses that are similar.
However, as we are required to have IDs in order to evaluate our system with the
CLEAR-MOT metric [45] we can not merge the similar global hypotheses as the same
true object may have similar state in two global hypotheses but have different IDs.
In this situation it also leads to a potential significant increase of ID switches, as
the filter may output alternating global hypotheses, that is, global hypothesis j in
time k, global hypothesis j + 1 in time k£ + 1 and global hypothesis j in time k + 2
as the states and thus the weights are similar but the IDs may differ. So in order to
decrease this ID switch artifact and to reduce computational complexity, we chose
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to use a few number of global hypotheses.

Algorithm 1: One prediction and update step of the filter.

Prediction:

— Perform time update step for the previous potential targets, see Section 4.3.

Potential New Targets:

— Create potential target detected for the first time hypotheses for each
measurement, see Section 4.4.

Update Potential Targets:

for each global hypotheses j do

for each target 1 do
— Create miss detection hypothesis, see Section 4.4.

for each measurement z do

if z meets ellipsoidal gating then
— Create measurement—to—target hypothesis, including color

comparison w;;,2(z), see Section 4.4.
end

end

end

— Create cost matrix, see (4.1).

— Run Murty’s algorithm to find the K = [N}, - w;| best new global hypotheses,
see Section 4.1.

end

— Estimate target states, see Section 4.5.

— Run Murty’s algorithm to find the N}, best global hypotheses, see Section 4.1.

— Perform pruning to remove Bernoulli components with a probability of existence
below threshold, see Section 4.1.

— Normalize single target hypothesis weights within each global, see Section 3.1.

— Normalize global hypotheses within all global hypotheses, see Section 3.1.

4.8 Tracking in the image plane

In this section two different setups in 2D image tracking are covered. The first setup
is based on the constant velocity motion model, and the second setup is the constant
acceleration motion model.

4.8.1 Motion Models

A motion model is used to generate a trajectory of an object. It exists different com-
plex motion models, which requires different amount of measurements. Two common
motion models are the constant velocity model and the constant acceleration model.
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4.8.1.1 Constant Velocity

The first setup in the 2D image tracking uses a CV motion model. The state vector
used is

x:[x Y Uy Uy W h]T

where z, y denotes pixel positions, v,, v, are the pixel velocities in respective direc-
tion, and w and h denotes the width and the height of the bounding box, respectively.
Using the result obtained in (3.11) and (3.12) we get that the transition matrix and
process covariance of the 2D pixel position and velocity is

1 T
F= lo 1] @l
T3/3 T2/2
_ 2

where ® denotes the Kronecker product.

For this setup, the motion of the bounding box size is set as a random walk, leading
to the total motion model

1 T
F = lo 1] @l 0]
0 I,
and the process noise covariance

Q=172 |1?)2 T

I

) [T?’/Z& T2/2] oL 0

where 0% is the motion noise covariance of the bounding box.

4.8.1.2 Constant Acceleration

In the second setup, the CA motion model is used. Similarly as in the first setup, we
also want to keep track of the bounding box size and model its motion as a random
walk, this results in the state vector
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T
x:[:c Y Up Uy Uy Gy W h} ,
where a, and a, are the pixel accelerations in each direction.

Again using (3.11) and (3.12) we get that the transition matrix and process covari-
ance of the 2D pixel position, velocity and acceleration is

1 T T?%)2
F=1|0 1 T |®I
00 1
T°/20 T*/8 T°/6
Q=905 | T4/8 T3/3 T?/2| @ L.
/6 T?*/2 T

Thus, the total transition matrix is

1 T T2/2
o1 T |eL o
F=1o o 1 ’

0 I,

and the corresponding process noise covariance

T5/20 T*/8 T3/6
o | TY8 T3/3 T?/2|®L, 0
T3/6 T2/2 T

Q=

4.8.2 Measurement Models

The detector used in the image tracking has the structure of [32]. The measured
quantities are the center pixel position, height and width of the bounding box ob-
tained from the detector, thus the measurement model for the CV is

100
H_lo 0 1]®IQ’

and for the CA model
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4.9 Tracking in 3D World Coordinate

Tracking in 3D presents other advantages and disadvantages compared to tracking
in the image plane. In this section, details about the different coordinate systems,
motion and measurement models are presented. The spawning of new objects and
specific details about the implementation is also covered.

4.9.1 Coordinate System

Tracking in 3D allowed us to use different coordinate systems, a global and a local
coordinate system. Because of this, common motion models in a global coordinate
system were able model the reality more accurately than using the same motion
model in the image plane. Furthermore, using this coordinate system simplifies
taking the motion of the ego—vehicle into account.

Local Coordinate Systems: Four defined local coordinate systems are used,
namely the local coordinate system in the IMU, Velodyne laserscanner, CAM; and
CAM,, respectively. To move from one coordinate system to another a transformation
matrix is used as described in Section 2.1. First, to compensate for the movement
of the ego—vehicle in between two frames, the states has to be transformed from a
global IMU coordinate system into a local IMU coordinate system. The transformation
matrix is given by

MU | cos(0)  sin(0)| |z —t,
Tglobal(Xapego) = [—Sm(@) 005(0)1 [y N ty]
where 0 is the heading of the ego—vehicle, z,y and t,, ¢, are the horizontal positions
of the object and ego—vehicle respectively in the global coordinate system. The
transformation is dependent on both the object state X and the position and orien-
tation of the ego—vehicle (pego). Note that this transformation is only compensating
for the change of heading and position of the ego—vehicle. One could use the full
3D rotation, including the pitch and roll angles of the ego—vehicle. However, as the
changes in these angles are small it would not significantly improve the accuracy.
Furthermore, it is the position in the xy—plane that is of most interest and accurate
measurements of the pitch and roll may not be sufficiently provided in a standard
car. Additionally, note that the position of the ego—vehicle may also not be available
in a standard car, however fusing the information obtained from the IMU and GPS
would provide an estimation of it.

It is also necessary to move between the local coordinate systems of the ego—vehicle.
These transformation matrices are denoted as T35, Toen’ and T2 They are

given by the calibration documents obtained from the data set [7].

Note from the transformation matrix (2.1), the fourth column is a translation vector,
and the upper 3 x 3 matrix is a rotation matrix. Thus, a transformation in the
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opposite direction is simply inverting the transformation.

The origin of the global coordinate system was defined in the position and rotation
of the IMU at time k = 0.

4.9.2 Motion Model

The motion of objects are modelled by a CV and the bounding box size is modelled
as a random walk, the state space vector is then defined as

X:{l’ Y 2 Uy Uy U, W h}T. (4.5)

For the 3D state space the motion model is defined as

1 T
j lo 1]@’13 0
0 I

and the motion covariance matrix, defined as

) [T?’/B T2/2 0

Q=|%e|1?)2 T ]®I3
0 0%312

and aé, 0% are the covariances of the process noise.

4.9.3 Measurement Models

The detection CNN used in this setup is the one presented in [30], which generates
measurements consisting of center positions and sizes of the bounding boxes and
distances between the ego—vehicle and the detected objects. Given that our states are
in 3D, a measurement model must be defined, which transforms the global 3D state
vector into corresponding measurement estimates. First, the object position has to
be transformed from the global coordinate system to the local IMU, then to Velodyne
coordinates, to Camy coordinates and finally Cams; coordinates. From which, we
can perform a projection to the image plane with (2.2). Using the transformation
matrices presented in Section 4.9.1, the coordinate system transformation from the
global to the image plan is now given by

P Tecame Tcamo T??\?U TIMU (X, pego)

camg — velo global

camg
TIMU
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where P is the camera projection matrix. Note that, X has to be a homogenous
vector, X = [z,y, z, 1]T. Furthermore, to obtain the pixel positions after projection
a normalization is required. That is, normalize with w as stated in Section 2.2.2.
Thus, obtaining the correct pixel position (u,v) from a 3D position X is

u P1:2,*X
P fudpri(X) = [ ] =

v P37*X

where Pj.o, is the first and second rows and all columns of P and P53, is the third
row and all columns of P. Thus, the transformation of a 3D position to a pixel
position is

Pde,PTj (T?JI\C[nT?TgI;{\;IbI({l (X7 pego))

Additionally, a distance measurement to the detected object is obtained from the
CNN and we have a one-to—one mapping with the bounding box size. Hence, the
measurement model is

wad,prj (Xcamz (X7 pego))

2 2 3
h(X7 pego) = \/xcamZ (X’ peQO) + ycang; pego) + Zcams (X, pego)
h

)

where x is defined in (4.5), X = [z, v, 2, 1]7 is the global 3D position of x. X um, =
[T cams » Yeams s Zeams, 1]T is a 3D position in the Cam, coordinate system, given by

_ camorm I MU
Xeams = TIMUTglobal(X7 Pego)-

4.9.4 Generating Births

The Poisson component the models the undetected objects is approximated using
the uniform distribution, described in Section 3.6.2. The following text will describe
the procedure of how a new object is created based on a measurement.

As the state of an object is defined in the 3D global coordinate system and the
obtained measurements are in the image plane, a transformation from the point in
the image plane to a 3D coordinate is required. This is done by performing backward
projection, see Section 2.2.3. First, note that the measured pixel coordinate is
normalized; during the backward projection the pixel position is assumed to be
unnormalized. Thus we need to find the unnormalized pixel position, for which we
need some estimate of the distance, Z, in the camera coordinate system. This was
obtained by
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. 35° 2

FOV, (0.5FOV, — v)
¢ = dcos(¢)
= 2

FOV,(u — 0.5FOV,,)
Z = c-cos(0)

where d is the distance measurement, FOV,, and FOV, are the FOV sizes in u— and v—
direction, v and v are pixel positions respectively. Furthermore, 35° and 90° are the
vertical and horizontal opening angles (in radians) of the camera, see Figure 4.1 for
an illustration of the coordinate system.

A

Figure 4.1: Illustration of the camera coordinate system, including distances and
angles to a measurement.

The required camera projection matrix P was given from the calibration made by [7]
and has to be specified for each sequence. The unnormalized pixel position can be
computed by

where w is given by

o4



4. Implementation

X

w = P3,* 7

Furthermore, substituting (4.6) in the backward projection equation (2.3) gives us

A=1-X, (4.7)

Knowing A from (4.7), a 3D point corresponding to the pixel measurement can now
be constructed by performing the matrix multiplication in the backward projection
equation (2.3), thereof an object birth is generated in the CAMy coordinate system.
The state can now be transformed into the global 3D coordinate system by first per-
forming the transformations into the local IMU coordinate system and then adjusting
the state according to the position and heading of the ego—vehicle, see Section 2.1
and Section 4.9.1.

Furthermore, we need to compute the 3D covariance matrix from the covariance
matrix defined in the image plane. This is done in a similar manner as for the
UKF in Section 3.2.4, namely by sampling the o—points, x, in the image plane and
performing the backward projection for each point. The 3D covariance matrix is
then given by (3.6).

The parameters of the Bernoulli component for the new objects are calculated ac-
cording to the explanation in Section 4.4.

New objects appearing in the lower corners of the image is set to have an initial
velocity as the ego—vehicle, as they are likely to overtake the ego—vehicle and thus
is assumed to have approximately the same, or slightly higher velocity as the ego—
vehicle. For objects that appear in the lower corners of the image and carries a high
velocity compared to the ego—vehicle, the filter sometimes have an issue to keep old
targets and thus initiates new targets instead.

4.9.5 GOSPA evaluation

In order to evaluate the system in the GOSPA metric, estimates needs to be assigned
with the ground truth objects. In order to do so, the overlap between each estimated
bounding box and each ground truth is computed. From this a cost matrix can be
set up, where each element is given by one subtracted with the overlap between the
two bounding boxes. The minimum assignment cost can then be found by using
Murty’s algorithm [43]. When the assignment is performed, the distance between
the estimate and the ground truth is computed as the euclidean distance between
the two.
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In case the distance is above the threshold ¢ [44], it is checked whether or not the
estimate overlaps with a Don’t care region. The estimate is not considered if it
is within one such area. These are areas in the image where the ground truth is
annotated Don’t care, belongs to any other class than Car, Cyclist or Pedestrian or
if the object is truncated, which happens when an object is for example leaving the
scene. Furthermore if the number of estimates is higher than the number of true
objects, a similar check is performed on the unassigned estimates in order to find
whether any of these should not be taken into account.
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Results

This chapter presents the result obtained from experiments. First, a brief evaluation
of the 2D image tracking setup is presented. After which, a more detailed section of
the obtained results of the 3D world coordinate tracking is presented. The results
are further discussed in Section 6.

5.1 Tracking in the image plane

This section presents the results when tracking in the image plane. The focus lies
on whether tracking in the image is suitable or not.

Tracking in the image plane comes with a drawback, namely the motion of objects
are hard to describe. Thus, as objects and the ego—vehicle are moving in between
frames, the motion of the objects are nonlinear. For some situations, such as when
an object is moving at a near constant distance to the ego—vehicle, the motion is
somewhat linear and the system manages to handle the problem. Although when
an object for example is moving fast towards and past the ego—vehicle, the motion
is hard to explain. That is, an object moving close to the camera moves more pixels
in between frames than an object at a far distance, even though their real velocity
is the same for both cases. Thus, when an object makes fast changes in distance
to the ego—vehicle, the number of pixels it moves between frames also changes fast,
making it hard to describe.

This setup is additionally sensitive to simultaneous changes of direction of the ego—
vehicle and the object. The motion of the ego—vehicle is not taken care of separately,
but is included in the estimated movement of the object. By handling the motion
of the ego—vehicle in advance, the predicted state of the object can be adjusted
accordingly, thus correspond better to the true position of the object. Although,
compensating for the motion of the ego—vehicle in its own image plane is not obvious.

For evaluating the tracking, the metric GOSPA was used. The GOSPA score for tracking
in the image plane is visualized in Figure 5.1, it is shown that the filter performs
much worse than the CNN on multiple occasions. The mean GOSPA score is presented
in Table 5.1. GOSPA takes into account the localization error and the cardinality
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mismatch. Since the motion model could not predict an accurate movement of the
object, the localization error increases. Sometimes, as shown in Figure 5.2c there
are two estimates for one object. It follows from the increased localization error and
the increased cardinality mismatch that the GOSPA score will be larger for the PMBM
filter.

Table 5.1: Average GOSPA score over all sequences.

Source | GOSPA score
CNN 66.43
PMBM 81.31

GOSPA per Sequence
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Figure 5.1: GOSPA Score for tracking in the image plane. The filter performs
much worse than the CNN on multiple occasions.

One example visualizing the problem is presented in Figure 5.2. The Car on the left
suffers from poor prediction and ID switches even though the true motion of the Car
is a linear movement, and the motion of the ego—vehicle is also a linear motion. First,
in Figure 5.2a and in Figure 5.2b, there is no error, the Car is correctly tracked by
the filter. However, in Figure 5.2¢, the prediction is poor, thus the distance to the
measurement is to large and a new object is created with ID 15. Note that the object
estimate with ID 2 still is present, namely a missed detection hypothesis is created,
whose Bernoulli component has a probability of existence above the threshold I'.
Finally, in Figure 5.2d, the Car now has ID 16 because the prediction of the object
with ID 15 was inaccurate and did not match the obtained measurement at this
time step. See Section 6.1 for further discussion.
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— ye

(d) Incorrect data association, new object created.

Figure 5.2: Figure that for four consecutive time steps highlights the problem
with tracking with image state space. The Car changes ID due to the filter cannot
predict the future state accurately, thus creating new objects. Note: Teal box is the

measurement, Red box is the estimate from the filter.
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5.2 Tracking in 3D World Coordinate

This section presents different results obtained when tracking in 3D. The evaluation
is divided such that the performance differences between the PMBM-filter and the
CNN are distinct.

5.2.1 Removing False Positives

One issue with environmental perception is the present of false positives. Recall, a
false positive is declared as an object by the system although it does not correspond
to any true object, leading to a faulty estimation of the true scene. The CNN may
output this kind of false positives in its process of detecting objects in the image.
These false positives have to be separated from the true detections and be removed.
The PMBM filter has an ability to suppress false positives due to an increase of robust-
ness. The reason of why the filter is robust and how the level of robustness can be
modified is discussed in Section 6. Moreover, the robustness against false positives
provided by the filter can be seen in Figure 5.3, as a false positive is generated by
the CNN in the frame displayed in Figure 5.3b, but the PMBM-filter does not include
it in its estimate. The CNN classifies this false positive as a Car, which is of course
wrong as it is a roadside pole. While roadside poles may be objects of interest, it
is not within the scope of object detection. Note that the other estimates from the
filter are not affected when there is a false positive occurring.
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(c) Without any false positives.

Figure 5.3: Figure that for three consecutive time steps highlights the problem
with false positives. The filter manages to suppress false positives. Note: Teal box
is the measurement, Red box is the estimate from the filter.
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5.2.2 Keeping Estimates when Measurements are Missing

One desired property of a MOT-filter is to be more robust to missed detections. How
the PMBM filter handles this issue is illustrated in Figure 5.4, the reader should focus
on the Car with ID 234. In Figure 5.4a both the CNN and the PMBM-filter includes
the Car denoted by ID 234 by the filter. However, in the three next time steps
presented in Figure 5.4b, Figure 5.4c and Figure 5.4d the CNN does not detect the
Car due to occlusion by a tree. One can see the performance improvement of the
PMBM-filter, as its estimate still includes the Car. In the consecutive frame shown in
Figure 5.4e the Car is again visible and both the CNN and the PMBM-filter includes
the Car. When there is a missed detection the filter creates a missed detection
hypothesis. This is the reason the PMBM filter is able to keep the estimate.

Note that there is a delay between the measurement and the filter output for newly
detected objects, this is a result of the increased robustness to spurious false positives
as can be seen in Section 5.2.1. This artifact is one of the reasons of the high number
of false negatives as can be seen in Section 5.2.3, it is further discussed in Section 6.
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k = 105

k = 106

(d) The CNN does not detect the Car.

k = 108

(e) The CNN detects the Car.

Figure 5.4: Figure that for five consecutive time steps highlights the problem
with missed detections and how the filter handles it. Car is the leftmost car with
ID 234. Note: Teal box is the measurement, Red box is the estimate from the filter.
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5.2.3 GOSPA Comparison with CNN detections

This section will summarize the results of the GOSPA evaluation metric [44], see
Section 3.8.1 for information about the metric, and Section 4.9.5 for implementation
details about GOSPA.

The evaluation of the CNN detections in comparison with the PBMB estimates (which
are passed through the measurement model in order to be compared in the image
plane) for each sequence in the KITTI tracking data set is presented in Figure 5.5.

GOSPA per Sequence
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Figure 5.5: Image plane GOSPA evaluation of each sequence for both the CNN
detections and the PMBM filter, averaged over all frames in each sequence.

During the GOSPA evaluation, the number of false positives and false negatives is
counted, see Figure 5.6 and Figure 5.7 respectively for illustrations of these numbers.
Also, the total number of false positives and false negatives is presented in Table 5.2,
along with the recall and precision rates. The total number of ground truth objects
through all sequences is 37910.

Figure 5.6 and Table 5.2 reveals some unexpected results, as the number of false
positives is higher for the PMBM filter than for the CNN. This also leads to a lower pre-
cision rate for the PMBM compared with the CNN. As can be seen in Section 5.2.1, the
filter should suppress false detections, not increase them. However by visualization
one can see an unwanted artifact from the PMBM filter, which leads to an increase
of false positives’. How the artifact arises and a discussion about it is presented in
Section 6.2.3. In Table 5.2, one can also see that the number of false negatives is

Note that the number of false positives corresponding to the CNN in Table 5.2 corresponds to
pure false detections, while the same number for the PMBM filter corresponds mostly due to this
artifact
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lower for the PMBM filter than for the CNN. This is a consequence of the filter being
able to keep the estimates even if the CNN fails to detect objects. As a result, the
recall rate is also higher for the PMBM filter in comparison with the CNN. Note that,
the PMBM filter has a delay in newly detected targets, leading to a false negative for
each new target.
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Figure 5.6: Number of false positives for each sequence for both the CNN
detections and the PMBM filter.
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Figure 5.7: Number of false negatives for each sequence for both the CNN
detections and the PMBM filter.
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Table 5.2: Total number of false positives and false negatives, recall rate and
precision through all the KITTI tracking sequences.

Total number of | Total number of ..
Source .. . Recall rate | Precision
false positives false negatives
CNN 377 8045 0.7857 0.9874
PMBM 1039 7071 0.8082 0.9663

In addition, as the ground truth provided from KITTI contains the positions of
objects (obtained by the Velodyne) in the Camy coordinate system in addition to
the pixel coordinates, we can also evaluate the 3D estimates of the system. Addi-
tionally, 3D measurements from CNN are computed by backward projection of the
measured distance and bounding box center. The GOSPA for each sequence is shown
in Figure 5.8.
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Figure 5.8: 3D GOSPA evaluation of each sequence for both the CNN detections
and the PMBM filter, averaged over all frames in each sequence.

The average GOSPA score over all sequences for each of the evaluations are provided in
Table 5.3. In Table 5.3 we can see that, although the unwanted artifact is present,
the PMBM filter still provides a better GOSPA score than the CNN. If the unwanted
phenomenon is to be removed, we would expect the GOSPA score to differ significantly
more between the filter and the network.

Table 5.3: Average GOSPA score over all sequences, both in image plane and in 3D
coordinates.

Source | Image plane GOSPA score | 3D GOSPA score
CNN 60.85 12.99
PMBM 58.15 12.76
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5.2.4 Similarity Score

In Table 5.4, the simulation results for comparing the filter using similarity score
presented. For comparison, the GOSPA score for the CNN is also included. The
simulations are based on two different filter setups, with and without using similarity

score. GOSPA is evaluated in the image plane, hence the localization error is in pixel
positions.

From Figure 5.9, it can be seen that the filter performs better than the CNN in
terms of average GOSPA in both setups. Moreover, the difference between using the
similarity score, or not is quite small. The largest difference occurs in sequence 12.
Why sequence 12 performs better with similarity score is discussed in Section 6.2.4
However, using the similarity score produces slightly better GOSPA score on average,
but this could be due to the larger difference in sequence 12. The filter is mostly
better than the CNN, but in some specific sequences, for example sequence 4, the CNN
performs slightly better than the filter.
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Figure 5.9: Average GOSPA in image plane, per sequence. It is noticeable that the
similarity score ever so slightly improve the GOSPA score. Albeit, it is quite even
between using the similarity score or not. However, compared to the CNN, it is
often a higher performance in favour of the filter, for both setups.

Table 5.4: Comparison of GOSPA score averaged for all sequences between the
PMBM-filter and CNN in the data set from KITTI tracking data set with and without
similarity score.

Source GOSPA Score averaged over all sequences
CNN 60.85
PMBM with similarity score 58.15
PMBM without similarity score 58.53
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5.2.5 CLEAR-MOT

The CLEAR-MOT results are presented in Table 5.5, including the currently top results
in the KITTI benchmark. It is noticeable that the filter scores higher for tracking
Cars than tracking Pedestrians. With a total number of trajectories of 798 for Car
and 309 for Pedestrian, the filter only suffers from 59 and 70 ID switches respectively.

According to the KITTI benchmark, the best trackers for the class Car has a MOTA
and MOTP around 86% and 84%, respectively. For Pedestrians, MOTA and MOTP is
around 58% and 72%, respectively. For the two classes, they suffer from 293 and
138 ID switches. Interestingly, the PMBM filter is not far from the top, for the class
Car we score 71.75% and 75.75% in MOTA and MOTP, respectively. For Pedestrians,
we score 56.35% and 73.93% MOTA and MOTP, respectively. In MOTA and MOTP there
is still more ground to cover, but the ID switches in our system is lower. However,
one reason for the low MOTA score we achieved, could be the large number of false
positives and false negatives, that are dependent on the CNN. In Section 6.2.3 these
results are further discussed and in Section 6.2.1, it is discussed why false positives
arises and how false positives can be reduced.

Table 5.5: CLEAR-MOT score over all sequences for the filter. For the class Car the
MOTA is almost 72 % and MOTP is almost 76 %. The ID switches are 59 and 70,
respectively. The results shows that the filter is better at tracking Cars compared
to tracking Pedestrians.

Class MOTA | MOTP | ID switches | Recall | Precision | False Alarm Rate
Carpysy 0.7175 | 0.7575 59 0.7998 | 0.9369 0.1778
Pedestrianpygy | 0.5635 | 0.7393 70 0.6674 | 0.8777 0.1300
Cargrrrr 0.8662 | 0.8397 293 0.9050 | 0.9799 0.0643
Pedestriangzrrr | 0.5815 | 0.7193 138 0.6412 0.9261 0.1072
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Discussion

This chapter interprets and discusses the obtained results and evaluation methods,
as well as discusses potential future work.

6.1 2D Image Tracking

During the early stages of this thesis, tracking was done in the image plane. However,
it turned out quickly that tracking in the image plane was suboptimal when using
common motion models such as CV and CA. Since the motion model can not predict
the true motion accurately, the predicted estimate will not be associated with the
latest measurement. The filter creates new objects in the location of the obtained
measurements, instead of tracking the old target. Because of this, ID switches
become a problem, and no continuous tracking through time is made.

Whenever a new object is created, information about the object’s velocity is absent.
This leads to a poor prediction from the filter, due the motion does not fit the
true motion of the object. During the update step, the predicted estimate does not
match the received measurement, which leads to the creation of a new object. This
can be seen in Figure 5.2c. Because a new object was created, the direction of the
velocity of the new object did not match the true direction, which again during the
update step lead to creation of a new object since the prediction did yet again not
fit with the observed state. It became clear that the motion of objects did not have
a linear motion, especially for objects moving towards the ego—vehicle or objects in
the edges of the FOV. Although note that an object may have a somewhat linear
motion in specific situations, in which the filter works. Even though it is possible
to understand that the performance of tracking was poor by only considering the
visual evidence provided in Figure 5.2, the claim is supported by Figure 5.1 and the
mean GOSPA score in Table 5.1.

Additionally, tracking objects in the image plane is useful for environment percep-
tion, but in order for the vehicle to make a decision to avoid an object for example,
the states of each object needs to be transformed into a world coordinate system.

Some possible ways of solving the issue may be to include optical flow in order to
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get some measurement of how the pixels have moved from one frame to an other.
Alternatively, one could try to find a motion model describing the motion in images
in a better way than standard linear models. An adaptive process noise covariance
could also be considered, such that it is larger in cases where the motion is more
nonlinear to compensate for the poorly fitting motion model. However as the so-
lution is not obvious and the state still has to be transformed into a 3D world, a
decision was made to instead focus on tracking directly in 3D.

6.2 3D World Coordinate Tracking

One important aspect with tracking is being able to predict trajectories of objects.
In autonomous driving, it is important to safely plan the route of the car. With
the information of trajectories, this will facilitate the route—planning for the ego—
vehicle since there will be information where other objects will be in the near future.
However, since it was difficult to model the motion of objects in the image plan, it
strengthen the reason to track in 3D world coordinates as the motion model in that
case is more accurate.

6.2.1 Suppressing False Positives

As previously mentioned, one issue with using a CNN for object detection is that it
sometimes may include false positives. In Section 5.2.1 it is shown that the filter
is able to filter out false positives. A reason for having multiple false positives on
purpose is that you want to increase the recall rate, that is, you want to find all
objects in a frame. This is done by letting the output of the CNN to be many bounding
box proposals to hopefully include all objects. For example, the response required
from the CNN to declare an object could be lowered. This implies that objects with
a lower probability of being an object will still be a part of the output. Thus, this
increases the false positive rate and might simultaneously decrease the false negative
rate. Being able to suppress false positives will be an important aspect.

There are two possible ways of making the system more robust to these spurious
detections. Which method to use is dependent on what you want to achieve with
the filter. Either, the parameters can be set such that the probability of existence
for potential targets detected for the first time is below the threshold I'; leading to
the fact that the target is not included in the estimation for the first detection of
the object. This leads to a robustness against false positives occurring in a single
frame. In order to increase robustness against false positives, one can apply the
feature of confirmed targets mentioned in Section 4.5. Namely, a potential target
is required to have a probability of existence above a threshold, ngy,,s number of
times. The increase of robustness provided by the filter can be seen in Figure 5.3,
as a false positive is generated by the CNN in the frame displayed in Figure 5.3b,
but the PMBM-filter does not include it in its estimate. However as a penalty, setting
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the filter parameters to obtain this feature also delays including true objects in the
estimation. Thus, one has to choose what is desired from the filter and tune the
parameters accordingly. One might consider using a range dependent value of 7.0y,
such that an object appearing close to the ego—vehicle is confirmed faster than an
object further away. This might be useful since a decision to avoid collision is more
crucial in the case of an object being close to the ego—vehicle.

6.2.2 Keeping Estimates when Measurements are Missing

When driving in traffic, different problems are expected. Especially, problems with
occlusions occur frequently, thus relying solely on the CNN for detecting objects may
not be sufficient, as it will suffer from false negatives if the occlusion is severe enough.
It can be seen in Section 5.2.2, that our filter manages to keep tracking objects when
they are occluded, or when there is a missing measurement, by creating a missed
detection hypothesis.

The reason for this is the probability of existence. When there is a lack of measure-
ment for an object, the probability of existence decreases each time step, depending
on the probability of detection, the probability of survival and its own probability
of existence. Of course, changing p,; will enable the filter too keep tracks without
measurement for different lengths of time, see Section 6.3. Furthermore, when a
measurement from a missed object is received, the filter will in many cases associate
the missed detection hypothesis with the returning measurement. If the motion
model has managed to somewhat accurately predict the motion while there was no
measurements.

6.2.3 GOSPA Comparison with CNN detections

Objects that are leaving the FOV of the camera are truncated. This entails that the
center of the bounding box changes definition from what it is in a non—truncated
case. For example, if only a half of a Car is included in the image, the network will
be able to slightly stretch the bounding box to be outside the image boundaries.
However, the bounding box will most likely not include the whole Car and thus the
center of the box will be biased towards the center of the image and thus no longer
represent the center of the Car. This phenomenon is illustrated in Figure 6.1, the
car, denoted Car, of interest is the red, rightmost car. The definition of the bounding
box center is correct for Figure 6.1a. However, it changes as the Car is truncated
as in Figure 6.1b and in Figure 6.1c.
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k=71

(b) Bounding box center slightly misleading for center of the Car.
k=73

A -

| (c) Bounding box center very misleading for center of the Car.

Figure 6.1: Figure illustrating the change of definition for the center of the
bounding boxes of the CNN detections. The car of interest denoted Car in the
sub—figure captions is the red, rightmost car. CNN detections of other objects are
not displayed. Note: Teal boxes are the CNN detections.
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If the center of a bounding box is not representing the center of an object, there
will be a contradiction to the obtained measurements. The distance estimation from
network [30] is trained from the Velodyne data, we obtain a distance measurement
to the center of the Car and a bounding box center which is not the center of the
Car. This change of definition and miss connection between the measured bounding
box and distance leads to the previously mentioned unwanted artifact.

The predicted position of an object moving out of the FOV will correspond poorly
with the incoming measurement, increasing the risk of creating a new object instead
of connecting the measurement to the old target. Also either for an old or new
target, the change of definition for the bounding box will confuse the filter to believe
that the object is moving inwards the center of the FOV and lead to further faulty
estimates. Note that this phenomenon arises before the ground truth of the object
is set to truncated, this results in the estimate not to be seen as a Don’t care.

Additionally, even if the object is marked as truncated in the ground truth, the
overlap with the estimate may be to small as it moves inward the center of FOV.
When these situations arise, we obtain a significant increase of false positives which
origins from true targets. As these phenomenons are more and more likely to arise
the closer the objects are to the ego—vehicle, we can see correlation in number of false
positives with the scene of the sequence. As can be seen in Figure 5.6, the number
of false positives is large for sequences 1, 7, 9, 11 and 19. In all these sequences,
the ego—vehicle is traveling on narrow roads and it has many objects passing by
close to it. Additionally note that this artifact also arise when objects are entering
the FOV close to the ego—vehicle, as the change of definition of the bounding box
center happens also in this case. Although as this is associated with an object birth,
where the initial covariance is quite high and the velocity adapts faster, this is not
as crucial as the previously stated situation.

As can be seen in Section 5.2.2, one benefit with adding the PMBM filter to the system
is that we do not require having detections of each object in each frame. That is, if
an object has been detected we can rely on the motion of the object if the CNN fails to
detect the object in the next frame. This is further strengthened by Figure 5.7 and
Table 5.2, where we can see a significant decrease in the number of false negatives.
Note that even if false negatives naturally arise from the filter when new objects
are detected due to the threshold of probability of existence, the total number of
false negatives is still reduced. Also notice that the number of false negatives is high
for both the CNN and the filter. This can be explained by the fact that the CNN
fails to detect some objects, either by not getting a high enough response from the
activation function or if the object is occluded. The filter can compensate for these
cases but only if the CNN has previously detected the objects, which is not the case
is all situations.
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6.2.4 Similarity Score

It can be seen in Section 5.2.4, that using some sort of appearance comparison does
improve the performance. Although, using similarity score is marginally better. The
performance is basically the same except in one sequence, in which the similarity
score provides a boost in GOSPA score. The CNN in that sequence in particular is
having problems with detecting a Pedestrian, namely there are a lot of unstable
detections. The filter is able to keep an estimate on the Pedestrian even though
the detections are unstable. Hence, it is indicated from this behavior that using
similarity score does provide some increased performance by keeping the estimates
stable. In this case the similarity score provides the necessary weight increase for
the filter to keep its estimate of the object. The similarity score implemented in this
project is rather simple, and a discussion about more advanced solution is carried
out in Section 6.3.4.

6.2.5 CLEAR-MOT

Although CLEAR-MOT is not an intuitive measure, nor is MOTP a metric due to incon-
sistency, we still decided to evaluate the filter using CLEAR-MOT. This enables a com-
parison to other tracking algorithm, as they are evaluated by following CLEAR-MOT.
However, note that the score also relies on the performance of the detector. Addi-
tionally, the tracking scores presented on the KITTI website is for the Testing set,
while we have evaluated on the Training set since the Testing set does not contain
ground truth trajectories. Remark, the CNN is trained on the KITTI object detection
Training set, which is different from the tracking Training set.

Since the network misses objects, it entails that the score is penalized. In Figure 5.7
and Figure 5.6 it can be seen that the number of false negatives and false positives are
quite high. Thus, if those could be decrease, an overall performance increase would
be achieved. However, if single test sequences or a few sequences are evaluated, in
which the CNN performs well, the CLEAR-MOT score is much higher, reaching beyond
the top in the KITTI benchmark. It is not fair to change the evaluation set, but the
scores indicates that a CNN with better performance might entail better score.

Interestingly, in Table 5.5, the scores are lower for the class Pedestrians compared
to the class Car. This is probably due to the fact that it is more difficult to detect
Pedestrians, rather than cars. This also supports the hypothesis that a better de-
tection system would boost the scores, for both classes. In addition, note that our
method is closer to the top performing trackers when it comes to tracking Pedestrians
than tracking of Cars. This may be because the artifact mentioned in Section 6.2.3
is more present for cars than pedestrians.

Furthermore, recall the discussion in Section 6.2.3, solving the problem with the
artifacts would decrease the number of false positives and ID switches. This would
increase the CLEAR-MQOT score.
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6.2.6 Delay in Newly Detected Targets and Dying Trajec-
tories

In Figure 5.3 and Figure 5.4, it is shown in the image—sequences that there is a delay
for newly detected targets, this is both wanted and not. In the case where there
is a false positive, as in Figure 5.3, this is desired. Having a delay in estimating
objects from the filter ensures that false positives will be removed. Additionally,
this delay entails that there is a delay in true positives as well, see Figure 5.4,
which is less desired. The delay exists due to the property of the filter. Each target
has a probability of existence. For a new target, this probability is lower than
a threshold, thus it is omitted as an output until it reaches the threshold. The
threshold is changeable, in the sense that it can either accept new estimates easier,
or the opposite, be more selective regarding its output. Using a low threshold would
result in being more likely to output both false and true positives, as using a high
threshold would cause an increased risk of false negatives but being more robust to
false positive.

However, an implementation of Confirmed targets where an object has to be detected
a number of times until it is seen as an object, entails the same problem. The trade—
off seems to be between having fast, less reliable estimates or delayed but more
reliable estimates. Perhaps, using the camera, distances and semantic information
in each situation could determine how long the delay should be. This is further
discussed in Section 6.3.3.

Furthermore, there is a delay of keeping the estimate when an object leaves the FOV.
This happens because the filter sees this as a missing measurement, hence a missed
detection hypothesis is created. As long as the probability of existence is higher
than a threshold, the object will be kept as an estimate. Although, if it is possible
to separate objects that are leaving the FOV and objects that are truly missed, for
example by occlusion, the delay of keeping an estimate for an object leaving the FOV
could be removed.

6.3 Future Work

This section aims at discussing some ideas for future work in order to improve the
system. One adjustment that could be implemented in order to be less reliant on the
position of the ego—vehicle, could be to instead define the coordinate system for time
k in the position of the ego—vehicle in time k — 1. If either semantic segmentation
or a map is available, it would also be possible to increase the weight of new objects
in areas where there are roads entering the camera FOV. Similarly, the weight of new
objects could be slightly decreased in the center of the FOV. This would probably
make the filter better at both keeping old targets and generating new objects.
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6.3.1 Objects Moving Out of Field Of View

As has been discussed in Section 6.2.3, there is an unwanted artifact in the filter as
objects are moving out of the camera’s FOV. There may be some solutions to this.
One could consider having a varying measurement covariance of the bounding box
center obtained from the network, which is dependant on the either the bounding
box size or the distance to the object. That is, the covariance for the center could
increase as the bounding box size increases or the distance decreases. This may
help the filter to connect the old target to the new detected even if the definition
of the bounding box center changes. If the connection is made, the estimate would
also move less towards the new measurement and instead rely more on the motion
model, thus the filter may also be more robust against being tricked that the object
is moving inwards the center of the FOV. A changing definition of the bounding box
center raises the question if a bounding box is the best choice to represent objects
in the image plane, see Section 6.3.2 for further discussion.

6.3.2 Bounding Box Representation

It is interesting to discuss how an object should be represented in the image plane. In
Section 6.3.1, it is described that the definition of the bounding box center changes
for objects leaving the FOV due to the center point changes, implying that a bounding
box might not be the ideal representation.

First, when the object is far away, the bounding box covers the object, with the
center of the box as the 2D—center of the object. In this scenario, the bounding box
represent the front or the back of the object, depending on its orientation. If the
object is seen from the side, the bounding box in some sense represent the length
of the object. Furthermore, when the objects are close to end of the FOV, they
are getting truncated which entails that the bounding box is only representing the
visible part of the object, implying that the center point of the bounding box is no
longer the 2D—center point of the object. This further implies that the definition of
a bounding box is changing for different scenarios. While we do not offer a solution
on how an object should be represented, it is still interesting to voice a concern
regarding how objects could be represented.

6.3.3 Confirming Targets

There are both pros and cons for having confirmed targets from the filter output.
A direct consequence by confirming targets is that the filter will not output an
estimate until a number of measurement are obtained from the same object. A
possible solution for removing the delay of newly detected objects, would be to use
the confidence score the CNN outputs along with its detections. That is, if the CNN
is certain that the detected object is a Car, Cyclist or Pedestrian, this information
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could be taken into account in the filter. This way, the filter could output an
estimate during the same time step as the measurement is obtained. Less confident
measurements would have to be confirmed after a number of time steps. An other
aspect is to use the distance to the object, such that objects appearing close to the
ego—vehicle are confirmed faster than targets appear further away.

Furthermore, there might be a way to handle the delay of objects exiting the FOV.
By using the velocity, and semantic information about the situation and the object,
a decision if the object will return into the FOV shortly after exiting could be made.
If the orientation and velocity of the object (for example an oncoming Car with
high speed) indicates that the object will be exiting the FOV, and there is a small
chance that the same object will return, then there less reason to keep the estimate
when there is no measurements from that object anymore.

6.3.4 Similarity Score

In this project, a similarity score based on color distribution was used. With the
advances of deep learning another similarity score using feature vectors could be
implemented, with an increased complexity in the sense of how detailed features
could be described. Then, not only the color similarity would be considered, but
also the geometric shape, orientation and other features that makes an object unique.
By training a deep network to recognize how similar two objects are, the filter could
use this information in the same sense the color distribution is used by us, but with
possible a higher accuracy. Intuitively, with an advance method the data association
could become less computational complex, if it would be possible to say with high
certainty that two measurement from two consecutive frames belongs to the same
object. However, given the slight increase of performance seen in Section 5.2.4, a too
complex solution might have to be reconsidered. Obviously, the similarity score is
not limited to using deep networks, one could also consider using some other image
processing techniques to differentiate different objects from each other.

6.3.5 Probability Map of Missed Detection

One idea for future extensions of the filter is to create a map of probability of
detection, using the estimates of the filter. Namely, objects appearing in the scene
may occlude other objects, that is, the object being in the way of the sensors view.
If we would estimate the occupancy of objects and estimate the angle to the objects,
we could create a probability map showing how likely objects are to be detected in
certain areas, see Figure 6.2. In case of occlusion, the probability of detection should
be decreased, leading to the fact that object appearing there does not get removed
from the estimates as quickly. Objects that are not assigned to a measurement have
a missed detection hypothesis, where the probability of existence is given by (4.4).
The object will be included in the estimate for a longer time as it has a probability
of existence above the threshold I' for a longer time. Additionally, it will take longer
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time for it to be discarded during the pruning and we will be more likely to reconnect
to the old target whenever the object is detected again.

. Low Py
[ High Py

Figure 6.2: Probability map of missed detection probability. There are two
objects in the camera FOV, which results in occluded areas seen from the camera.
Thus, the probability of detecting objects outside the FOV or inside the occluded

areas is low (blue). Similarly, the probability of detection inside the FOV but

outside the occluded areas is high (red).

6.3.6 Motion Models

As it was seen in the case where tracking took place in the image plane, the problem
was that the motion models did not fit the true motion of the objects, hence per-
forming poorly. Moreover, in 3D the tracking performed well and main point being
that the motion model (CV) fit the true motion of the objects more accurately. How-
ever, there exists more accurate motion models (but they are also more complex)
than the CV model. Therefore, based on the results in Section 5, it is indicated that
to increase the performance of the tracker a motion model that is able to describe
the exact movements would possibly increase the performance. Such motion model
could be the CA or a Bicycle motion model[48].

A Bicycle motion model takes into account the steering angle and the length of the
objects from a point of rotation to the front of the object. Assuming that the point
of rotation is on the back axis of the object, the Bicycle motion model will be able
to describe complex movement such as a turning motion more smoothly, especially
compared to the CV model. This motion model fits well with how both cyclist and
cars are moving. However, the Bicycle model might not be suitable for all objects,
for example pedestrians.

As said, the Bicycle model assumes a length of the object and a rotation point, but
for a Pedestrian the length from the point of rotation to its front would essentially
be zero. Therefore, motion models depending on the object classes might be neces-
sary to fully be able to describe all motions accurately. Additionally, this approach
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requires an assumption about the objects lengths, which is not always an accurate
assumptions. Cars, for example, come in different shapes and sizes. Perhaps, ex-
tended objects where the shape is also measured would be a good starting point.
This of course implies other difficulties, such as the computational complexity might
get too severe when many objects are present.

6.3.7 Sensor Fusion

One crucial measurement in the 3D setup is the estimate of distance to each object.
As it turns out, the distance error from the CNN grows fast as the distance increases as
can be seen in Figure 6.3. An improvement of the distance measurement would be a
fusion between the camera and a sensor that can measure the distance with a higher
accuracy, for example a radar. Given measurements with higher accuracy, estimates
from the filter would become more accurate and precise, thus the GOSPA-score would
be lower due to a lower localization error.

Distance Covariance as a Function of Distance
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Figure 6.3: The covariance of the distance estimation from the CNN as a function
of distance.

Another sensor that could be of interest would be an ultrasonic sensors for close
range. By detecting objects that lie next to, or slightly behind the ego—vehicle,
the Poisson component for undetected objects could take these measurement into
account and generate a probability map for objects behind the Car. This would
help initiating tracks for Cars that are about to overtake the ego—vehicle.
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Conclusion

In this thesis, we have implemented and evaluated the PMBM filter using deep learn-
ing detectors on camera data. Method and details about the implementations are
discussed. Tracking in both the 2D image plane and in a 3D coordinate system are
evaluated, but 3D is the superior domain when using traditional motion models for
our setting. Furthermore, the results based on CLEAR-MOT and GOSPA have been pre-
sented and it has been shown that the performance is good and in some cases solves
problems that a CNN introduces. However, different artifacts have been discovered
which decreases the performance of the full system, solving those may lead to a
tracking solution with great potential. A discussion about said artifacts have been
carried out, along with suggestions for future improvements, such as sensor fusion.
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