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Abstract

As the demand for accurate real-time multiple object tracking methods increases, the idea of
developing a device combining multimodal sensors is proposed. This master thesis proposes
an implementation of a pedestrian tracking algorithm based on a camera and a radar and
explores the benefits and drawbacks of this type of setup. The intent behind this fusion is to
combine the advantages of each of the sensors in order to gain accuracy in situations deemed
challenging for methods making use of only one of the two sensors. The final solution uses a
state-of-the-art 2D pedestrian detector to extract target positions from images taken by the
camera and signal processing to extract observations from the radar. A particle filter is used
to combine both information streams by primarily combining the azimuth angle as computed
from camera detections with probable ranges observed by the radar. Its accuracy and precision
are tested through a series of challenging tests. From the results, it is concluded that, while the
camera offers accurate detection, angular localisation and appearance recognition it struggles
with too large distance variations, which is why, in these situations, the use of a radar can be
highly beneficial. Further improvements to the current method are also suggested for future
works.

Keywords Multiple Object Tracking, Particle filter, Multimodal sensors, Data fusion, Pedes-
trian detection, Camera, Radar
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Chapter 1

Introduction

This first chapter starts by introducing the context that this master thesis is based on. The main
objectives set for this work as well as the approach that was taken to achieve these goals are
then mentioned. The contributions that this study adds to the existing state of the art are also
expressed and, lastly, the organisation of this master thesis is put forward.

1.1 Context

In recent years, the rapid development of artificial intelligence and the desire to build machines
capable of interacting with the human world has lead to intensive research in the field of autonom-
ous spacial awareness. One of the major aspects that has particularly been worked on is real-time
multiple object tracking, which, based on one or more sensors, aims to determine the trajectories
taken by specific types of targets and estimate their positions.

Currently, most of the research that is being conducted is based on monocular vision (a single
camera) but a number of works exploring different combinations of sensors can also be found. In
each scenario, the sensors that are used, and the tracking methods that are implemented largely
depend on the type of target that is tracked, the environment in which they move, and how the
sensors can be placed to gather information on the environment.

Generally, pedestrians are one of the most popular types of targets around which research is
carried out, because being able to track reliably people can have huge impacts in a large number
of domains. As such, this thesis is solely based on pedestrian tracking methods. With this
choice comes the logical but crucial assumptions that people only move on the ground and that
their trajectories can be computed using two dimensions along a surface (the ground). These
assumptions are the reason why sensors capturing 2D data on the environment (such as cameras)
can be used to perform 3D tracking.

As popular as they are, vision based pedestrian tracking algorithms suffer from a major
limitation. Due to the fixed amount of pixels that can be captured in a frame, the distance at
which targets are located from the sensor will play a large role on the precision of the information
that can be determined. In fact, the amount of pixels representing a same target will decrease
quadratically as the distance between the sensor and the target grows [11]. Because the less
pixels are used to represent a target, the less data there is to work with, large distance variations
can cause monocular vision based pedestrian tracking algorithms to be more susceptible to errors.

On the other hand, radars can also be used for tracking purposes. Although these devices
can handle large distance variations with less errors than cameras, they have other flaws. The
first difficulty comes from differentiating a proper pedestrian from other moving objects or noise
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that is picked up by the sensor. Additionally, even if a target is correctly identified, the next
big challenge concerns differentiating two targets from one another. While cameras can be
used to compare appearances such as colour and other defining features, radars have much less
information to work with to determine which detection belongs to which target.

For these reasons, following the ideas of previous researches [55], [61], [101], the idea came to
combine a camera with a radar and analyse how this combination of multimodal sensors performs
in situations considered as tricky for tracking methods using only one of the two. The intended pur-
pose of this combination would be to rival, and hopefully surpass, current single-sensor methods,
and, in order to do so, have a relatively cheap final product in order to potentially commercialise it.

A scenario deemed challenging for single sensors is one in which they are placed relatively
close to the ground and track multiple targets five to fifty meters away walking in intricate
patterns. This would make any monocular vision based tracking algorithm struggle by having to
deal with a wide distance range, while targets walking close to each other would be very difficult
to handle with just a radar. Therefore this thesis is focused on this specific type of scenario,
while extensive testing in multiple other contexts is left to future works.

1.2 Objectives and approach

The aim of this thesis is to develop a prototype device composed of a radar and a camera that
can track multiple pedestrians in real-time and analyse its efficiency as well as the accuracy
of the trajectories it computes. It is hoped that the lessons learned from this first prototype
development can be used for future works on this subject, and lead towards the conception of a
low-cost product that would be more reliable than similarly priced monocular based competitors.
In order to achieve this goal, the following methodology was used;

• The first step consists of the selection of the software platform and the hardware equipment
that are going to be used to perform the tracking. This involves choosing the appropriate
criteria that have to be met by both appliances and comparing different possible choices.

• Once the hardware is selected, an extensive research is carried out on how compatible data
can be extracted from both sensors as well as how to fuse it. Possible tracking methods for
this chosen type of data are then explored.

• After considering every possible combination of methods, the most suitable solution is
chosen according to its potential performances and a first version of the algorithm is then
implemented as the theory suggests.

• A thorough analysis of obtained results is then carried out and improvements are proposed.
A second version of the algorithm is then implemented following these suggestions.

• At last, a final analysis of the performances is carried out, and, once more, ameliorations
are suggested for future works.

1.3 Thesis contributions

This thesis contributes to the state of the art in two ways.

Firstly, it proposes a new method of multiple target tracking using a camera and a radar as
multimodal sensors. The data from the radar is processed using a method developed by RFbeam
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[90] while pedestrians’ locations are extracted with a pedestrian detector developed by Dollár,
Belongie and Perona from images captured by the camera. The data is fused using methods
described in [70] and [32]. The pedestrian tracking is originally based on a particle filtering
method described in [55] and uses a resampling method inspired by [62] and [1].

Secondly, an analysis of the capabilities and shortcomings of such a tracking method is made
and scenarios in which it performs best are identified. Possible improvements are also given, as
well as probable solutions to its current weaknesses. This research can be used as a basis for
future works that intend to improve the performances reached by the current tracking method
developed in this thesis.

1.4 Thesis organisation
The thesis is organised as follows. The device that was developed and the sensors that are
employed are described in Chapter 2, along with a justification for their selction. The way usable
data is extracted from these two sensors and the way their information is fused is discussed in
Chapter 3. Chapter 4 contains a state of the art of the different multiple object tracking methods
that were considered. In Chapter 5, the preliminary choices and assumptions that were made
before starting the implementation are described. The tests that are chosen to quantify the
quality of the algorithm are also detailed in this chapter. The first basic implementation of a
single target tracking method, as described by the state of the art, are explained in Chapter 6.
This first version already combines data from both sensors and serves as a basis on which new
functionalities can be tested and added. The results obtained by this algorithm are also expressed
and discussed. An explanation and a discussion on the final implementation of the multiple
target tracking algorithm can be found in Chapter 7. This chapter also contains explanations
on how the results from the previous version influenced the new choices that were made. The
final results are displayed, discussed, and compared to the state of the art in the same chapter.
Chapter 8 contains the list of the different limitations that were thought to be the cause of
certain shortcomings discussed in the previous chapter as well as proposed ways to fix these
issues. Possible applications for such a device and tracking algorithm are also discussed in this
chapter.
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Chapter 2

Device description

In this chapter, the physical setup used for this project will be described and the choices made
will be justified. As stated earlier, the goal of the project is the conception of an integrated
device combining a camera and a radar aiming at tracking pedestriansn with one of the main
requirements for the equipment being that the final product has to cost less than e100 to be
potentially commercialised.

For this first prototyping iteration, the camera and the radar are simply screwed on a wooden
platform, shown in Figure 2.1, allowing different relative positions to be easily tested. A more
sturdy and efficient platform can custom made for future iterations of the project but in this
first phase, the wooden platform was a viable solution.

The sections below goes over the selection of both devices. Firstly, the radar will be described
as well as the justification of its choice. Secondly, the same will be done with the camera. Thirdly
and finally, a brief section will be dedicated to the calibration between the camera and the radar.

2.1 Radar

In order to achieve the goals of this thesis, an appropriate radar must be selected. Following
these goals certain criteria were defined in order to choose the best suited device for this project

Firstly, and most obviously, the device has to be able to deal properly with humans as targets.
This means that it has to be sensitive enough to capture reflections caused by people and it will
have to be able to detect objects moving at human speeds (from 0 to 5m/s).

In addition to that, another requirement is to compute the trajectories of pedestrians in an
area as large as possible. If the radar is not placed too high above the ground, the azimuth
angle range along with the detection distance range will be the main defining elements of the
observation area, while the elevation angle range will be less crucial. This is because, in order to
detect a person, not the whole body has to fit in the radar’s field of view.

Finally, while the output form cameras are usually quite similar to one another, in that they
all capture images, depending on the type of radar that is chosen, the outputs form radars can
be radically different. The simplest and thus cheapest radars on the market output a continuous
analog signal that corresponds to the voltage across the receiving antenna ports. This signal has
to be transformed into digital data in order to be compared with the signal sent by the emitting
antenna. Because signal processing was not the main focus of this thesis, it was decided that it
would be preferable to find a radar unit that would perform these computations internally, even
though it would be more expensive. This means the main part of the project could be focused
on, without having to spend time on the implementation of a solution for signal processing.
Furthermore, the format of the data is not the only difference between radar outputs. The
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Figure 2.1: Picture of the device that was used for this thesis

simplest and cheapest devices, depending on their characteristics, can sometime only be used to
compute speeds, while some more complex and expensive ones can output much richer data that
can lead to 3D positioning of the targets. For research purposes, it was deemed wiser to opt for
a radar that could retrieve a maximum of information and assess the need for these capabilities
after the tests’ results analysis.

The product that corresponds the best to this thesis’ and that could be found is the K-MD2
radar from RFbeam [90], whose characteristics are listed in the Table 2.1 below.

Frequency range: 24000− 24250GHz
Output power: +20dBm
Number of emitting antenna(s): 1
Number of receiving antenna(s): 3
Output (Ethernet): Target list (speed, distance, azimuth and

elevation angles) for up to 40 objects
Targets: Pedestrians/Cars
Detection distance: 300m for cars, 100m for people. Resolution: 0.7m
Angle range: ±10◦ (elevation), ±15◦ (azimuth). Resolution: 0.1◦
Target maximal speed: +128km/h. Resolution: 1km/h
Price: e1100

Table 2.1: Characteristics of the chosen radar

This device is the best match for the means of the project. Its three receiving antennas and
its capability to modulate frequencies ensure that the targets’ positions in the 3D space, as well
as their radial speeds can be computed. As desired, this device performs all the signal processing
as a black box and outputs all this information directly to a computer through an Ethernet
connection at a frequency rate of 10fps. A MATLAB code is also provided as to control its

24



parameters. This greatly simplifies the gathering of radar data compared to other devices.

As seen in Table 2.1, the K-MD2 has an azimuth angle range of 30◦, which was the largest
that could be found for devices of this type. A claimed resolution of 0.1 degrees is sufficient for
tracking because, at the claimed range that this device has, that would represent a maximal
error of less than 5cm.

As for the aforementioned range at which it can detect targets, 100 meters is deemed enough
for this thesis’ objectives. In addition to that, a claimed resolution of 0.7m is good enough to
track multiple targets close to one another without risking an overlapping of observations.

The price of this device is the only element that does not conform with the desired spe-
cifications. Coming at e1100, it is way above the price range that is intended for the finished
product. However, a cheaper single purpose device can be purchased in the future following the
requirements assessed through testing and the complex K-MD2 device can then be reused for
other educational purposes.

The MATLAB code that came with the K-MD2 radar can be interacted with via a graphical
user interface (GUI), as shown in Figure 2.2. Many options and commands are available, but for
the purpose of this thesis, the "Azimuth Angle Map" with the option "Display Static Objects"
unticked was mainly used. With this last option activated, too much noise is present, as depicted
in Figure 2.3.

Figure 2.2: GUI of the K-MD2 radar provided by RFBeam. "Display Static Objects" is unticked.
The radar is currently pointing statically towards the sky.

In order to use the content of this software without having to go through the GUI, RFbeam’s
original program had to be decomposed. The connection between the radar and the computer is
established by TCP/IP and is initiated when the program starts running. The portion of the code
handling this communication protocol was extracted and used in a new MATLAB function whose
purpose is to acquire data from the radar and to relay it to the rest of the tracking algorithm.

2.2 Camera

Choosing the correct camera is important for this project as it will have to be extensively used.
For its selection, three main criteria are held into account. Firstly, as with the radar, it has to
be as simple to use as possible. Secondly, it has to be capable of outputting images with a high
enough quality for long range detections but low enough resolution so computation times do not
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Figure 2.3: GUI of the K-MD2 radar provided by RFBeam. "Display Static Objects" is ticked.
The radar is currently pointing statically towards the sky.

Sensor: 1/4" CMOS OV5640
Resolution: 1280× 1024 pixels
Angle of view: 60◦
Autofocus: Yes
USB protocol: USB2.0 HS/FS
Auto exposure AEC: Yes
Auto white balance AEB: Yes
Adjustable parameters: Brightness/contrast/color saturation /definition/gamma/WB
Voltage: 5V
Current: 150mA
Price: e50

Table 2.2: Characteristics of the chosen camera.

skyrocket. Thirdly, its field of view has to be as close to that of the radar as possible.

For programming and testing computer vision algorithms, USB camera modules are the
easiest solution because of their simplicity of use and connectivity. According to the requirements,
it was deemed that resolutions between 720p1 and 1080p2 were a good compromise between a
good quality and a low computation time. Considering acceptable shipping time according to
the delays, the closest angle of view to the radar’s (30◦) that could have been chosen is 60◦. It
was thus determined that the USB camera module whose characteristics are given in Table 2.2
was the best candidate for this project’s purposes.

The output of this camera is thus 1280 × 1024 pixels frames which can be extracted with
MATLAB. These frames are then fed to a pedestrian detector in order to locate pedestrians on
the image. This step will be described later on.

11280 pixels wide and 720 pixels high
21920 pixels wide and 1080 pixels high
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2.3 Calibration
As the prototype platform on which the camera and the radar are placed is not ideal, both devices
are not perfectly aligned, there is thus a possible offset angle in the azimuth plane between the
centre of the vision of these two sensors and it has to be taken into account. This calibration
has to be done regularly if the device is disassembled between uses. It is done by detecting an
oscillating3 target with the radar and adjusting its position until the mean radar detections
are exactly centred at 0◦. A snapshot is then taken with the camera and the amount of pixels
between the centre of the target and the centre of the image is computed. As to be as accurate
as possible, this computation is performed multiple times with the target at different ranges so a
mean deviation do, in pixels, can be computed. The offset angle can than be determined using
the focal length f (which is in pixels as well) as follows:

αo = arctan
(
do
f

)
. (2.1)

This value is then saved for future use. Every image detection will thus be adjusted according to
the value of αo.

3The target has to be oscillating towards and away from the radar as to stay always at the same azimuth angle.
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Chapter 3

Extracting and fusing similar sensor
data

When dealing with multimodal sensors, the type of data they can retrieve will influence how they
will be used by any algorithm attempting to combine them. Depending on the richness of their
outputs, some elements from different sensors might be comparable, and others, complimentary.
The aim of this thesis being to analyse the effect of both sensors on a same task, namely multiple
object tracking, the first important task is finding a common format in which the target’s
information will be stored. This also means finding a way to convert the data from both sensors
to that format. The decisions made at this stage are important as they define the initial direction
in which the work will progress. Indeed, the data fusion module completely depends on the type
of data (and its related error) that it is being fed.

In this chapter it is shown that an estimation of the 2D position of a target on the azimuth
plane can be extracted from both sensors hereby leading to the choice of representing targets by
their position in this space. The methods that can be used to transform the original sensor’s
outputs to this common format will be discussed below, starting with the camera before moving
onto the radar. The different possible data fusion architectures and approaches concerning this
particular type of data will then be described.

3.1 Locating a target using a camera

The camera plays a crucial role in the tracking algorithm. Along with a well performing detection
algorithm, it brings information on the position of a person on the image, its size in pixels and
its appearance. These elements can be used to determine a detected pedestrians angle from the
centre of vision, as well as estimate their distance. The pixel representation of a pedestrian can
also be helpful when it comes to distinguish them according to their appearance.

Because the goal is to track humans, the main focus of this chapter will be set on the
pedestrian detection algorithms. First, a state of the art of the currently best performing
detection methods will be presented. This will be followed by the approaches used to estimate
the ground position of a person with its detection.

It should be noted that target detection algorithms are usually always linked to camera-based
tracking algorithms. However, these two steps will be discussed separately as in this case the
camera will not be the only sensor whose data will be used by the tracking algorithm. This
section will focus on the detection while Chapter 4 will go over the ways of tracking targets using
the multimodal sensors.
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3.1.1 Pedestrian detection: the state of the art

This subsection aims to present the best performing pedestrian detectors existing and explain
their underlying algorithms. The researches have been based on a multitude of different papers
detailing the state of the art [6], [24], [48], [36], [115], [117].

Although significant researches and advancements have been made during the last decades
with steadily improving performances [6], it still remains uncertain what the exact key ingredients
are for a high-performance detector [115]. However, looking at the best performing detectors
from the Caltech-USA pedestrian benchmark1, two kinds of pedestrian detectors stand out: the
integral channel feature (ICF) detectors, and the convolutional neural networks (ConvNets)
detectors. Both of these approaches will be described below.

Figure 3.1: Overview of the top performing detectors from the CVPR2015 on the Caltech-USA
pedestrian benchmark [117].

The structure of any pedestrian detection algorithm is mainly threefold. First, a candidate
generation step is performed which selects locations in the image where it is probable to find
a target. These locations are defined by rectangular boxes called "bounding boxes". Secondly,
a classification operation is carried out on the generated candidates of the first step that will
determine, for each bounding box, if it contains a pedestrian or not. Thirdly, a suppression step
is conducted in order to remove similar pedestrian bounding boxes so only one bounding box per
target remains.

1The Caltech-USA pedestrian benchmark consists of a database of annotated images taken in an urban
environment from a car. It contains both training, and testing data sets. Approximately 250,000 frames were
taken with 350,000 manually annotated bounding boxes (boxes used to indicate the locations of pedestrians in an
image) from 2300 different pedestrians. The testing data aims to quantify and rank detectors in a realistic and
unbiased manner. Many choices and evaluation protocols are also provided. It is one of the most used data set for
detector evaluation [24], [30].
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3.1.1.1 Candidate generation

The most classical and straightforward method of generating candidates consists of an exhaustive
scan of the whole image with a variable-scale window (procedure called "classifier pyramid") or
a variable-scale image (procedure called "dense image pyramid") [24], as illustrated in Figure
3.2. Although the dense image pyramid method performs a fast detection thanks to not having
to scale the image multiple times, its performances are quite low due to the fact that very few
features (that will be explained later on) are scale invariant. The classifier pyramid, on the other
hand, is slower due to having to scale the image multiple times but is more accurate being able
to use a greater diversity of features. It is the most popular method. The exhaustive scan being
relatively slow, other faster and popular algorithms have been implemented such as selective
search [100], bing [15], and edge boxes [120]. The choice between these candidate generation
methods mostly comes down to a compromise between performance and computational speed
[31].

(a) (b)

Figure 3.2: Typical exhaustive scan methods. (a) Dense image pyramid. (b) Classifier pyramid.

3.1.1.2 Pedestrian classification

The currently best performing classifiers can be divided, as stated earlier, into two groups: the
ICF family and the ConvNets family.

Integral channel feature detectors The ICF family detectors consist of training classifiers
with extracted features measured with the integral image method over multiple registered image
channels computed using transformations of the input image. ICF detectors are based on the
early work of Viola, Jones and Snow in [104], [102].

Registered image channels are computed with linear and non-linear transformations of the
input image. These transformations can be grouped into several categories such as: gradient
histograms (HOG [19]), grayscale (Haar-wavelets [103]), colour, texture (LBP [81], co-concurrence
[53]), self-similarity [96], and motion [21]. Features are pieces of information (such as scalar values
or vectors) extracted from an image channel and intended to be informative and non-redundant.
In the case of object detection, they aim to be representative of the particular class of searched
objects. Features can then be, for instance, local sums, histograms, and Haar features and
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their various generalisations as in [29]. Every effective ICF detector uses some form of HOG
(Histograms of Oriented Gradients) and the best ones use a combination of multiple features [24].
[117] shows that optical flow [86] and context information [83] are also complementary to image
features and can further boost detection accuracy. However, the more sophisticated the image
features become, the less useful these additional cues are [117].

The most typically used classifiers are the support vector machine (SVM ) [85] and the adaptive
boosting [103]. Both of these methods are popular choices due to their "theoretical guarantees,
extensibility, and good performance", as stated in [24]. These classifiers are trained using large
data sets.

• The support vector machine (SVM ) learning algorithm [85] finds the maximal margin
hyperplane between two classes. This maximal margin is defined by computing the smallest
distance between the data points and the hyperplane [10], [16], [112]. This results in a
non-probabilistic binary linear classifier. An example image is shown in Figure 3.3. The
SVM can also be non-linear [93]. The advantage of this method is that the data can be of
any type: scalar, vector features, etc.

Figure 3.3: Example image of an SVM hyperplane on a 2D data set [92].

• The adaptive boosting algorithm [103] is a strong classifier made by combining a multitude
of weak classifiers. These weak classifiers are used with different weights depending on their
strengths and weaknesses in different conditions. These weights are determined iteratively
during the training phase2 of the algorithm. It has the benefit of automatically performing
the feature selection (selecting the more relevant features), being able to use any type of
weak classifier (decision trees3 or SVM s for example) and having very few parameters to
tune with low sensitivity to these [112], [103]. In [6], authors show that the choice of weak
classifier has no significant impact on the performance but it is the choice of features that
actually influence the performance.

The initial ICF pedestrian detector developed by Viola, Jones and Snow consists of an
adaptive boosting classifier using features defined by sums over rectangular regions. These sums
are computed using the integral image computation technique that will be defined later. Following
this work, Dollár et al. developed the "Integral channel feature" in [29], [25]. It consists of an
extension of the pioneer work of Viola, Jones and Snow, performing sums over multiple registered

2The training phase consists of running a machine learning algorithm through the whole annotated data set in
order to create a model that will be used by a classifier.

3Decision trees are used for classification and regression. They are tree-like graphs following decision rules.
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image channels that are computed using linear and non-linear transformations of the input image
instead of directly performing the sums on the image. Since the work of Dollár et al. most the
best performing ICF detectors are variants of their work [114], [115], [80], [84], [116].

Convolutional neural networks detectors Despite being present since the 1990s [68],
ConvNets have only begun to become interesting in the past few years with the improvement
of computational power. They are currently revolutionising the world of artificial intelligence
and are taking more and more space in the image analysis domain, and more precisely in image
classification [97], face recognition [98], and object detection [49]. As it can be noticed in Figure
3.1, a considerable part of the best performing pedestrian detectors are convolutional neural
networks.

Convolutional neural networks also reach state of the art performance. In the other methods
presented above, features are manually selected by the authors. The choice of features is thus
based on their intuitions and visual cues for humans. Conversely, as explained in [99], the key
idea behind ConvNets is to extract features out of raw image data by performing a sequence
of operations such as filtering, local contrast normalization, non-linear activation, and local
pooling4. The choice of these features only rely a training procedure, based on backpropagation5,
with large data sets, coupled with an optimisation algorithm such as gradient descent. This
operation aims to determine the weights of the filters and a suitable classifier. After the training
step, the lowest layers of the ConvNets will represent low-level features of pedestrians such as
edges and details. The higher layers will be a combination of those lower layers and will begin to
form more general concepts of pedestrians. The trained binary classifier will then be the last
layer. Convolutional neural networks are thus very complex models with millions of fine-tuned
parameters that are determined by the training phase.

3.1.1.3 Duplicates suppression

After the classification step, it is likely that multiple correctly selected bounding boxes encapsulate
the same pedestrian. Hence, a duplicate bounding box suppression has to be performed. For this
operation, non-maximum suppression methods with either the mean shift mode approach [18] or
the pairwise max suppression approach [41] are mostly used [24].

3.1.2 Position estimation from bounding box

After finding the location of pedestrians in a frame, the next task is to use this information
to compute an estimation of its position on the azimuth plane. There are two major ways in
which this can be done . The first method consists of using visual cues to model the shape of the
ground on which the pedestrians walk and establishing a transition model that attempts to link
the location of their feet on this surface to a position on the actual azimuthal plane. The second
method is to use the so-called "pinhole model" that, given an estimation of the target’s actual
height, estimates its position using the location and size of its bounding box.

Both methods depend on heavy assumptions and are usually not used in the same contexts.
The pinhole model is almost exclusively used when dealing with situations with very low vantage
points, like that of this project, while the first method performs best when the camera is placed
higher above the targets, looking down on them. For these reasons, the pinhole model was chosen
for this project and the theory behind it will be explained below.

4These operations are typical layers used in ConvNets and their explanations are out of the scope of this thesis.
5The backpropagation is a method used in neural networks that aims to compute the error contribution of each

neuron after running the neural network on a data set.
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3.1.2.1 The pinhole model

The pinhole model, shown in Figure 3.4, projects the 3D world on a 2D "image plane" by passing
through a point which represents the camera lens. This means that any point on a line passing
through the "pinhole" will have the exact same projection. For this representation, the centre of
the image is said to be at (0;0) (in the vertical and horizontal axes respectively) and the azimuth
and elevation angle of this point are also both equal 0◦. From this point, the positions, in pixels,
will be represented by (px; py) and the azimuth and the elevation angles will be represented by
θx and θy.

Figure 3.4: Pinhole model used to compute the distance D of a target of height H using the
known focal distance f of the camera and the height h in pixels of the bounding box. F , d and c
are values used to ease the comprehension of this computation.

The computations needed to obtain the distance of a pedestrian will be described below, based
on the schematic in Figure 3.4. The focal length f = 1251 pixels has been manually computed us-
ing an object with a known size at a known distance. Using the size of that object, on the image, in
pixels, the focal length could be calculated with the inverse reasoning of the following calculations.

In order to estimate the distance D of the centre of a person to the lens, it is assumed that
pedestrians are always standing up perfectly perpendicularly to the horizontal plane at the height
of the camera. We also assume that the distortion of the image, which is extremely low for this
particular device, can be neglected6. The the focal length f , the height h in pixels of bounding
box, and the estimated height of actual area delimited by this bounding box H are used as
known variables. The variables d and c used in the following formulas are defined in Figure 3.4.
First of all, the variable h is computed with the Pythagorean theorem as

d =
√
f2 + c2.

6If an other camera is used, it should be calibrated so the distortions can be accounted for
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Next, using Thales’ theorem, the following equation can be extracted

h
2
d

=
H
2
D
.

Finally, the distance is estimated by

D = H · d
h

.

Once the distance D has been estimated, the azimuth angle can be used in order to compute
the position estimation (x, y) in the 2D plane. First, the azimuth angle θx is determined by

θx = arctan
(
px
f

)
.

Then the position point (x, y) in the 2D plane is determined by

(x, y) = (D · sin(θx);D · cos(θx)).

3.2 Locating a target using a radar

The K-MD2 device used for this work is expensive and complex and performs the signal pro-
cessing internally. The output from this sensor, as shown in Figure 3.5, is an array of 2D points
representing detected moving targets, as well as the intensity of the signal that bounced off them.

The fact that the signal processing is already implemented means that more time can be
spent on the tracking itself. However, given that the long term aim of this project is to use simple
and cheap sensors, this processing will have to be taken care of later on. This is the reason why
the theory behind it will be discussed here-under.

3.2.1 Target detection

The target detection procedure will be explained below and based on the radar’s block diagram
shown in Figure 3.6. In order to gather the desired data, the device emits radio waves at
known frequencies with the emitting antenna TX in order to analyse the waves reflected by
illuminated objects. As it can be seen in the radar’s block diagram, analog signals containing
the information on voltages on each receiving antenna (RX1, RX2, and RX3) at any given
point in time is retrieved. These signals are first converted to a digital format before being
sent to a field-programmable gate array (FPGA). Once the FPGA has received the digital data,
some additional computations are needed to retrieve information on the different targets. These
different steps will be explained in the following sections.

3.2.1.1 Extracting frequencies and phases from raw data

Firstly, in order to gather useful information about possible targets, the different frequencies
that are making up the received signal as well as their phases need to be retrieved. This is done
by applying a fast Fourier transform (FFT) to the signal intercepted by all the antennas.
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Figure 3.5: Output of the radar’s "Azimuth Angle Map". Here, two people are walking side by
side: one at approximately (−1.5; 12) meters and the other at roughly (1.8; 10) meters. The
radar is at human height and directed towards an empty field. The rest of the points correspond
to noise.

Figure 3.6: K-MD2 radar’s block diagram [90].

3.2.1.2 Speed measurement

The Doppler effect is used by the radar to measure the speed at which the targets move relative
to the device. The phenomenon that it is based on occurs because, when an object moves towards
a radar that emits at constant frequency, it encounters more wave fronts per second than what
the source initially emits. Conversely, the opposite happens when the object moves away from
the source. By analysing the frequency difference (fd) between the emitted (f0) and the received
frequencies, the relative speeds (v) of different targets with respect to the source can be computed.
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The original formula for the Doppler shift is given by

fd = 2v f0
c0 − v

, (3.1)

Because in this application v << c0, we can say that c0 − v ≈ c0, thus rewriting Equation (3.1)
as

fd ≈ 2vf0
c0
. (3.2)

From this formula, the speed v can be extracted as follows:

v ≈ c0
2
fd
f0
. (3.3)

3.2.1.3 Range computation

The method used to get the range of a target is simple: knowing that the speed of light is
constant, the time difference between the emission of the signal and the received reflection can
be used to compute the distance of the target. For this method to work, the device has to emit
at a range of different frequencies. This is due to the fact that when a reflected wave is detected,
the time at which the original wave was sent must be known so the delay can be measured. If
the emitted frequency is constant, it is impossible to know when the original wave was sent.
Therefore, as can be seen in Figure 3.7, the frequency is modulated following a certain pattern.
The range can thus be computed by analysing the frequency variation between the signal that was
initially sent and the received signal. According to the K-MD2 radar specifications, referenced in
[90], the radar sends signals shaped as illustrated in Figure 3.7.

Figure 3.7: Representation of the signals sent by the radar compared to the detected ones.

Although it could be possible to measure the time between peaks, it is typically less efficient
than comparing the signal frequencies at any given moment. The frequency difference between
the sent and received signals is due to two different elements: the Doppler shift which introduces
a frequency variation fd, and the lag that the received signal has compared to the sent one which
induces a frequency difference fb as shown in Figure 3.7. Because only fb is used for the range
computation, the Doppler shift is subtracted from the received signal which results in the blue
curve in the aforementioned figure. This Doppler shift can be computed by comparing the peak
frequencies of the sent and received signal.

The range at which the target is from the radar can then be computed with a formula using
fb (the frequency difference between the sent and received signal adjusted for the Doppler shift),
fM (the frequency difference between the highest and the lowest frequencies emitted by the
radar), and TM (the time taken for one period of the sent signal).
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R = c0 |fb|
2 df/dt = c0 |fb|

2 2 fM
TM

= c0 |fb| TM
4 fM

When multiple targets are observed, the received signal is composed of the different frequencies
coming from the various targets. This renders the task of comparing the sent and received
signals slightly more arduous because linking each target with their appropriate frequencies is
not always possible due to ambiguities. This means that, for each target, there will be a list of
possible ranges at which it might be. For this reason, as described in [90], one observation from
the radar is composed of 512 chirps that repeat the measurements explained above but varying
the shape of the signal by changing the values of TM and fM , as well as changing the maximum
or minimum frequencies of the signal. This variation will cause the estimated ranges to vary
from chirp to chirp but the targets’ true ranges will stand out because they will be the ones that
will be consistent throughout the chirps.

3.2.1.4 Angle computation

In order to determine the azimuth angle from which the received signal comes from, at least
two receiving antennas placed next to each other are needed. When two receptors’ signals are
compared, a phase shift φ can be observed if the target is not exactly in a direction orthogonal to
the antennas’ baseline. This phase difference can be converted into a distance dphase by knowing
the wavelength λ of the incoming signal using the following formula dphase = φ

2π λ. When the
distance between antennas is several orders of magnitude smaller than the distance D separating
the radar and the target, the incoming signal can be represented as parallel incident waves. From
this assumption, a triangle as represented in Figure 3.8 can be constructed and the azimuth
angle θx can be computed by applying the following formula:

θx = arcsin
(
dphase
d

)
. (3.4)

Figure 3.8: Angle computation. Figure from [90].
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When the distance d between the two antennas is bigger than λ
2 , the phase shift computed is

uncertain and can have the value of φ± k · 2π with k having a real value bounded according to
the ratio between d and λ. The different possible angle positions are known as "gratin lobes".
As the K-MD2 can vary its emitting frequency, the correct angle is usually correctly identified
by finding the common computed angle between the detections obtained with different emitted
wavelengths. Unfortunately, it was noticed that at some observations of the K-MD2, the radar
would make a mistake and output completely erroneous azimuth angles for certain targets.

Finally, the angle of elevation can be computed in the same way when using at least two
antennas spaced vertically.

3.2.2 Output analysis

As mentioned earlier, all the computations explained above are carried out by the device itself
and then transmitted as arrays of values to a computer. As can be seen in Figure 3.5, returned
observations cannot be always fully trusted due to noise from the environment and to the errors
the radar makes. But most of the time, a pedestrian’s position is correctly represented either by
multiple targets grouped in a certain region of the azimuthal domain or by a single target with a
large intensity attached to it.

As it will be explained in Section 5.3, the targets may be required to be represented in a
common way for both sensors for the data fusion. Using the pinhole model described in Section
3.1.2.1, data from the camera can be converted to represent a target with a single point. All the
points from the original radar data might thus have to be grouped in order to represent each
detected pedestrians with single points as well. This type of problem falls under the category of
cluster analysis which aims to sort data points into distinct groups, called clusters, depending on
their location. Clustering is a vast subject with a large number of existing approaches to choose
from, but as mentioned in [39], for a specific type of data, not all methods will find the desired
clusters. Furthermore, some methods such as the k-means algorithm described in [58] require
the amount of clusters to be known in advance, which can be restrictive for applications such as
this one, where the number of tracked pedestrians can vary from one observation to the next. In
order to select the best suited algorithm, inspiration was sought in articles describing clustering
algorithms whose purpose also involves grouping multiple retrieved data points together in order
separate different detected targets from one another. Papers such as [82] and [94] were found in
which the k-means algorithm was used on its own or combined with a variation of the DBSCAN
algorithm described in [38]. The DBSCAN method is a deterministic way of finding clusters
based on the density of the points, while the k-means stochastically separates the points in a
fixed number of groups trying to minimise the distance between each point and the centroid of
the cluster in which it is located.

3.3 Data fusion

When dealing with multimodal sensors, after data is acquired, the different streams of information
must be combined in some manner. Depending on the compatibility of the data types, this fusion
can happen on many levels and with various amounts of preprocessing. Because of the immense
number of different sensors that exist and the equally large amount of distinct types of data they
output, data fusion is a vast subject7 which is too broad to discuss in its full extent in this thesis.
However, once the type of sensors and their data output are defined, only a small number of
possible techniques can be chosen to merge them.

7[70] is an often recommended book for an in-depth description and analysis of the subject of data fusion.
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The first important choice to make is at what stage of the data processing the fusion will
take place. The different architectures that can be used are described in [70], [34], and [32] and
will be looked at below in the first section. Once the architecture has been chosen, the second
important choice that has to be made is the type of fusion itself. This subject will be discussed
in the second section.

3.3.1 The different architectures

The first and simplest method is the centralised architecture. This technique consists in combining
all the data coming from the sensors in one centralised node. With this approach, the only
time information from multiple sensors is used by a same algorithm, is when it is processed by
that node. Nevertheless, before being fused, the data streams coming from the sensors can be
preprocessed independently so the main node can deal with richer information. As illustrated in
Figure 3.9, the amount of preprocessing involved defines the type of centralised architecture used.
If no preprocessing is involved, the approach is known as “direct centralised architecture” (Figure
3.9a). If basic feature extraction is performed, it is called “feature based direct architecture”
(Figure 3.9b). If the data is completely processed and just has to be compared by the central
node, the term “Autonomous architecture” (Figure 3.9c) is used.

(a) (b)

(c)

Figure 3.9: (a) Direct centralized architecture. (b) Feature extraction based centralized architec-
ture. (c) Autonomous centralized architecture (figures taken from [32]).

Secondly, a method known as "distributed architecture" can be implemented. This method
is based on a principle where each sensor is associated with a node that performs its own
independent data fusion. These nodes all communicate with each other in order to constantly
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update there state estimation of the global system. An illustration of this approach is shown in
Figure 3.10. The advantage of this method is that it is completely scalable as sensors can be
added or removed from the network without affecting the networks’ operations. However, having
multiple nodes working in parallel with global information can be redundant and can cause a
loss of precious computation time.

Figure 3.10: Distributed architecture (figure taken from [32]).

Thirdly, the last approach, described by [70], is the hierarchical architecture. With this
approach, as with the centralised architecture, the final data fusion is also performed by a central
node, but the preprocessing of the data involves already fusing data from multiple sensors in
independent nodes whose outputs are then sent to the previously mentioned central node, as
shown in Figure 3.11. This approach shares some of the advantages of the distributed architecture
described above without its drawback. This architecture is able to deal with added and removed
nodes without requiring many modifications of the centralised node’s algorithm, and at the same
time, redundancy is reduced due to the fact that each node performs different tasks.

3.3.2 Different fusion approaches

Once the architecture has been chosen, the actual approach that will be used to fuse the data is
the next problem to tackle. The challenges that can be met during the fusion of data of any sort
of sensors can be categorised as imperfect, correlated, inconsistent, or disparate
.

The chosen sensors for this project can trigger two sorts of these challenges: imperfect and
inconsistent information. Indeed, the sensor data outputs are not correlated as they are both
completely independent and, as 2D coordinates can be obtained from both sensors, sensor data
are not disparate either. The two next paragraphs will thus briefly describe both imperfection
and inconsistency in acquired data.

Imperfection The imperfection classification have been proposed in the literature in [79], [12]
and, [44]. Imperfection is divided in three aspects: uncertainty, imprecision and granularity.
When retrieved data is not absolute in that there is the degree of confidence about output, the
data is qualified as "uncertain". If the data that is dealt with corresponds to multiple measured
elements and it is not known what data point corresponds to which element, the data is called
"granular". Finally when one data point corresponds to a measurement of multiple elements, the
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Figure 3.11: Hierarchical architecture (figure taken from [32]).

data is known to be "imprecise".

In this case, the data is uncertain, imprecise and granular. The data is uncertain because,
for example, radar noise could be misinterpreted and believed to represent a pedestrian. Or
because the visual detection algorithm could provide a false positive detection. The data is
imprecise because radar observations or camera detections could represent a group closely packed
pedestrians as only one. The data is granular as well because radar observations and camera
detections are not referring to specific objects. The data fusion thus has to somehow identify
which element of the data(observed positions) belongs to which object (pedestrian).

Imperfection is the most known problem in the field of data fusion and a lot of different
techniques have been developed throughout the years. Khaleghi et al., following an analysis of
the state of the art, established in [60] a list of different methods that can be used to tackle
the challenges .The different methods cited are the following : "Probabilistic" [35], [8], [17],
"Evidential" [95], [42], [13], [2], [4], "Fuzzy reasoning" [37], [91], [118], "Possibilistic" [43], [9], [33],
"Rough set theoretic" [87], [78], [113], [52], "Hybridization" [109], [111], [118], [3], "Random set
theoretic" [74], [50], [72], [73]. All of them have their own capabilities and limitations and are
compared in the same paper.

Inconsistency Inconsistency in data can provoke spurious, disordered and conflicting data
points [60]. Spurious data is provoked by outliers coming from unexpected failure. Disordered
data comes from out of sequence information in the time space. Conflicting data occurs when
the sensors disagree on measurements.

Regarding the camera’s and the radar’s data, only spurious data can be retrieved. Indeed, as
stated earlier, due to problem of the grating lobes discussed in Section 3.2.1.4, the radar can
sometimes return completely wrong positions. On the other hand, the data is always ordered,

42



and except from the fact that outliers can occur, which falls under the category of spurious data,
the data does not conflict itself.

Most of the works in the literature trying to solve the "spurious data" problem [105], [56],
[46] have been about predicting observations and eliminating false ones. But more recently, more
promising results have been discovered using stochastic adaptive modeling of sensors with the
Bayesian inference8[65], [66].

8The statistical inference is the theory, methods and practice of determining the properties of the probability
distribution of the state of a system, typically on the basis of random sampling, by analysing incoming data. The
Bayesian inference is a statistical inference method using Bayes’ theorem in order to update its probabilistic model
of the state of a system as new data comes in.
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Chapter 4

Multiple object tracking

After potential targets have been detected from a sensor’s observation, their positions have to be
matched and linked, if possible, with previous data so they can be tracked in real time. The main
difficulty at this point consists of differentiating between targets and being able to track them
accurately in every possible condition (such as occlusions, crossing paths, etc.), all of this in real
time. The purpose of this chapter is to present the sate of the art of the tracking algorithms
compatible to the fusion of a camera and a radar.

A large number of algorithms can be used in order to perform the task of multiple object
tracking using various types of sensors, however most of them are developed only for a specific
type of target representation. Some approaches use 2D or 3D bounding boxes to represent targets,
while others deal with more complex shapes and in some cases targets are only represented by a
single point. The choice of this representation largely reduces the amount of tracking methods
that can be applied. Because, 2D point-positions in the azimuth plane can be extracted from both
sensors targets will be represented as such points. In the case of point tracking, as mentioned in
[112], two main types of methods can be found in the literature.

The first one consists of a deterministic approach in which paths are computed using the
positions from the current time step as well as a certain number of previous ones. The newly
computed paths will then be used to determine to which target the current detections correspond.
The second method is stochastic, in that the algorithm deals with the estimated state (position,
speed, acceleration, etc.) of targets at all times. The estimations are updated iteratively while
the program goes through the frames one by one. These two methods can be used on their own
but some more advanced algorithms choose to combine these approaches in order to benefit from
the strengths of both. An overview of the current literature on these tracking techniques will be
discussed below.

4.1 Deterministic approach

As mentioned above, the idea behind this approach is to round up all the detections from
selected frames and attempting to find the most likely paths that the targets have followed.
Usually, a graph based formalism is used for this type of data association, as in [59], [108] and
[7]. A weighted directed graph is constructed with nodes representing the detections. The edges
connecting nodes together are weighted to represent the probability of these nodes corresponding
to the same target. The edges are also directed so that they only go from an older detection to a
more recent one. Once the graph is built, the best paths through the graph have to be found so
trajectories can be given. An example image of a graph, found in [7], is shown in Figure 4.1.

The way in which the weights of the edges are computed can be very complex and varies
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Figure 4.1: Example image of a detection graph using the k-shortest path [7].

between algorithms. Many elements are taken into account in order to get a better accuracy.
Generally, the dynamics of the targets’ movements are sufficiently well-known to set boundaries
of speed and/or acceleration, such that edges corresponding to unrealistic movements can be
given high weights. On top of that, additional information collected about the targets can be
added to the computations as to improve its efficacy. For camera-based algorithms, it is common
to add visual cues such as the features presented in Section 3.1.1.2 to the weight computation in
order to discriminate between detections from different targets.

In the simplest versions of this approach, such as the one described in [64], nodes can only
be connected to each other if they belong to consecutive frames. This means that if a target
is not detected in one or more frames, the tracking algorithm could fail to compute a realistic
path. This problem can be overcome, as proposed in [59], [108] and [7], by establishing possible
connections between non-consecutive frames. Hence, the new challenge consists of deciding how
far the edges can reach. This is crucial because the number of edges will grow rapidly with the
number of frames that can be connected, which might cause the computation speed to decrease
considerably.

Once the graph is built, the best paths have to be found. This can be done in several ways.
Some algorithms compute the single shortest path starting at each original detection using
methods such as the A∗ algorithm [108] while others, more complex algorithms, explore multiple
paths before choosing an optimal one. This is the case in the method discussed in [7] which uses
the k-shortest paths algorithm in order to improve the reliability of the tracking.

4.2 Stochastic approach

The methods using this approach, as introduced earlier, work by estimating and updating the
targets’ states iteratively. A number of different algorithms following this approach have been
developed, but the best known ones are based on recursive Bayesian filtering. This type of
filtering recursively estimates an unknown probability density function using a process model
and received measurements. This update is composed of at least two steps, a prediction step
that estimates the targets’ states of the current time step using previous estimation as well as
a dynamic model, and the innovation step that adjusts the prediction using the measurements
taken at that time step.
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Depending on how the environment and the sensors are modelled, one of the two following
techniques are used. If the assumption of a linear dynamic model can be made and the target
position estimation, as well as all error models, can be modelled by normal distributions, then the
Kalman filter is often used due to its great computation speed. When these assumptions cannot
be made, particle filters are the most common alternative. These two filters will be described
below.

4.2.1 Kalman filter

This type of filter, originally described in [57] and further developed in papers such as [69] and
[106], recursively estimates the state of a linear system with a multivariate normal distribution.
Thanks to this approach, the state estimation of a target can be defined only using a mean and a
covariance matrix describing the variance and correlation between the different elements making
up the state of the target. The fact that a target is described in such a compact way makes its
manipulation extremely efficient compared to other models such as the particle filtering method
described below.

There are however a few requirements that are needed in order for this tracking method
to work. Firstly, the observation noise, that represents the inaccuracies of the sensors must be
modelled by a normal distribution whose characteristics (mean and covariance matrix) must be
known in advance. The target’s dynamic model has to be known or correctly approximated as well
to ensure an optimal prediction step. Finally, a process noise, representing the inaccuracy of the
dynamic model has to be defined, again, following a normal distribution. With all these known
values, when new sensor data is available, the state estimation (mean and covariance matrix)
can be updated easily with a series of simple equations. The compactness of this computation
makes this method extremely fast. But despite this algorithm’s computational speed, it has a
few drawbacks.

First of all, as mentioned above, the observation noise has to be known and has to be modelled
by a Gaussian distribution. Due to this restriction, if the sensor noise is not actually normally
distributed, this algorithm will lack accuracy. In addition to that, even if the sensor noise can
be represented by a normal distribution, extensive and rigorous testing has to be carried out to
find an accurate covariance matrix associated with the sensors. Furthermore, this covariance
matrix may depend on the environment in which the experiment is set up and may have to be
computed every time the device is placed in new conditions.

Secondly, the fact that the targets’ states are represented by Gaussians may work well for
single object tracking, but this can cause irregularities when multiple targets are introduced.
This is because, when several targets get close to each other, it might not be known for sure what
detection correspond to what target. This flaw is represented by Figure 4.2. The appropriate
way of representing the probability density function (PDF) of this scenario would be with a
weighted sum of normal distributions centred on the detections, as shown in Figure 4.2a. But
with a classical Kalman filter, only one normal distribution can be used for each target, thus
obtaining distributions similar to those in Figure 4.2b, which do not accurately represent the
actual probability density function of the targets’ positions.

Some algorithms solve these problems by modifying the basic algorithm to handle this kind
of situations, which is the case of [106] among others. However, because of these drawbacks,
particle filters are often used despite being computationally heavier to run.
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Figure 4.2: Probability density functions (PDFs) of two targets’ positions with measurements in
4 and 6. (a) Using a weighted sum of normal distributions. (b) Using single normal distributions
with weighted values.

4.2.2 Particle filter

This type of filters, also called "sequential Monte-Carlo methods", believed to be originally
described in [51], estimates the state of the targets using a large number Np of weighted particles.
These particles all have their own estimation of the state of the target that will be updated
independently at every time step. Because some states are more probable than others, it is
common for several particles to end up sharing the same state estimations. Thus, the target’s
most probable state will be the one shared by the most particles.

The particle filter is initiated when target is detected. Np particles are then created to
represent it. Every time a new measurement is made, the particle filter will perform a state
estimation update of all the particles following three different steps illustrated in Figure 4.3.

Firstly, the prediction step is performed as follows. All the particles are moved using a chosen
dynamic model that, as opposed to the Kalman filter, does not necessarily have to be linear.

Secondly, the innovation step is performed to give weights to these newly computed particles.
The weights are obtained by determining how well the state estimations of the particles fit in
a probability density function constructed around the measurements that were taken. This
PDF is established by combining normal distributions centred around each measurement. The
characteristics of these normal distributions depend on the sensors’ error models that have to be
defined beforehand.

Thirdly and finally, when the weights have been computed, one last step, called "resampling",
is needed to reorganise the particles. The intent of this step is to create Np new particles that
follow the same PDF as the one computed at the innovation step, but where all particles share
the same weight. This is important so that the prediction and innovation steps at the next
iteration can treat all particles equally. In order for this to work, the particles that are the most
likely to represent the target (those with higher weights) are selected multiple times and some
less probable ones (those with lower weights) are not selected at all. This is illustrated in Figure
4.3, with the green dots representing the particles that are selected one or more times and the
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Figure 4.3: Representation of a complete update of a 1D particle filter. The dots are the
particles and their size represent the weight associated to them. The sensor measurement PDF
is represented by the red curve. Stacked particles indicate that they all share the same state
estimation.

ones that remain blue that are not re-selected. There exists multiple resampling techniques but
some are more common than others, as described by [54]: “The most frequently encountered
algorithms are multinomial resampling [51], stratified resampling [22], [62], systematic resampling
[62], [1], and residual resampling [71]”. Although this article was published more than ten years
prior to this work, it was found that the claim is still valid to this date.

The explanation above indicates how one target can be tracked, but in order to extend the
tracking to multiple targets simultaneously, two main approaches can be considered.

Firstly, the algorithm can be programmed to follow all the targets with a single particle filter
with a "Joint Multitarget Probability Density" (JMPD), as in [63], which keeps for every particle
a weight for each target. This means that there is a fixed number of particles, and the more
targets there are, the less accurate the tracking will be due to the fact that each target will have
a certain portion of the particles following it primarily.

The second approach, as discussed in [110], is to create a new particle filter every time a new
target is introduced. The detections are then analysed and weighted for each target corresponding
to how probable it is that these detections belong to the targets. This method, while more
accurate, can largely increase the running time of the program and make real time tracking more
complicated.

In both cases the number of particles per filter is crucial and has to be adjusted as a func-
tion of the desired computational running speed and the number of targets that have to be handled.

It should be mentioned that having to determine the observation noise is less of a drawback
for the particle filter than it is for the Kalman filter. This is because the Kalman filter represents
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the target’s state with a normal distribution and a potentially inaccurate sensor model could
drastically change the shape of this distribution. On the other hand, a particle filter, with a
more flexible state representation, will be less influenced by such inaccuracies.

4.3 Hybrid methods
As mentioned earlier, some algorithms combine both approaches to this problem. Usually, as
described in [7], this combination works by using a stochastic method in order to create short
pieces of paths called "tracklets" that span through a small amount of frames and then creating
full tracks by merging these tracks together with a deterministic method. One of the simplest
examples of this hybridisation is described in [88], where a Kalman filter is used to draw tracklets
and the graph search described in [64] is used to join them. The literature contains numerous
other examples of combinations of algorithms, such as those described in [7], but the full analysis
of these methods is beyond the scope of this thesis.
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Chapter 5

Preliminary Choices

After every aspect of the different steps leading to pedestrian tracking have been explained,
the appropriate methods to be used in this project for each of those steps have to be chosen.
This project joining several large fields of study, it would not be feasible to try every single
combinations of the building blocks explained in the previous chapters. Therefore some choices
had to be made so that we could have a clear direction in which to start our study. These choices
were made based on previous papers describing similar projects, the unique details of the setup
and this thesis’ authors’ scientific intuition. The following sections will go over these choices in
detail.

First, the chosen pedestrian detector will be described along with its choice justification
and performances. Secondly, preliminary choices concerning the data fusion will be presented.
Thirdly, the choice of the tracking method will be explained. Fourthly and finally, the choice of
tests and evaluation criteria that will be used to optimise and assess the tracking will be outlined.

5.1 Pedestrian detection

The chosen pedestrian detector will have to fulfil a series of requirements which can be divided
into two categories: performance and practicality. Performance of a pedestrian detector mostly
comes down to its detection quality and its computational speed while practicality relates to the
ease of use of that detector.

Among the potential pedestrian detectors presented in the state of the art of Section 3.1.1, the
algorithm best meeting the previously stated requirements has been written by Dollár, Belongie
and Perona and is called "The Fastest Pedestrian Detector in the West". It is using integral
channel features (ICF) along with a boosting learning algorithm. The related papers can be
found in [23] and [29].

The "Fastest Pedestrian Detector in the West", which uses ICF, is an image classification
algorithm focused on pedestrian detection. The general idea behind it is that multiple registered
image channels are computed using linear and non-linear transformations of the input image as
explained in [47] and [76]. Afterwards, features such as local sums, (local) histograms [89] and
Haar-like wavelets [102] features and their various generalisations [26] are efficiently computed
using integral images. Some features are approximated to nearby scales in order to avoid the
repetition of slow computation. These features are then fed to the boosted classifier [45] which is
itself composed of cascade classifiers1.

1Cascade classifiers is a method of concatenating multiple classifiers. Classifiers are run in a consecutive fashion
and the information of the previously passed classifiers is used in the next computations.
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Despite being from 2010 and of a lesser performance than more recent algorithms, the "Fastest
Pedestrian Detector in the West" is still considered as a remarkable work for its efficacy and
speed [26], [27], [119], [24]. In 2010, [23] shows that results on the Caltech-USA Pedestrian
Dataset [28] show a detection rate of almost 60% at 1 false positive per image compared to a
50% rate for the formerly competing methods and with 1-2 order of magnitude faster. A more
thorough study of the performances with the current setup will be described below in Section 5.1.2.

In addition to the good performance of this algorithm, it has multiple practical advantages
as well. Firstly, the code is written in MATLAB, which makes it easier for the implementation
as the radar’s code is in MATLAB as well. Secondly, this code is licensed under the Simplified
BSD License which imposes minimal restrictions on the use and redistribution of the code, which
suits the potential commercialisation requirement of this thesis’ work.

This section will first elaborate on the chosen algorithm and will then make a study of the
performances of the chosen detector.

5.1.1 Description of the algorithm

The algorithm is decomposed in multiple steps and has many optimisation tricks such as the
integral image method and the feature approximations. These will be described below.

Candidate generation The candidate generation step is performed using the exhaustive scan
and is a hybrid method between the dense image pyramid approach and the classifier pyramid
approach. This hybrid method consists of dividing the image into multiple classifier pyramids at
different image scales as shown in Figure 5.1. In each of these pyramid scale, Dollár, Belongie
and Perona discovered that features could be approximated at nearby scales. This feature
approximation will be explained below. The scale step is of a factor of δh = 2

1
10 ≈ 1, 07 and the

minimal size of a bounding box is of 100 pixels in height.

Figure 5.1: Exhaustive scan using multiple scales of windows and images. Figure found in [23].
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Image channels Image channels are computed over the whole image. It consists of linear
or non-linear transformations that can be performed only once because image channels are
translationally invariant and thus do not depend on the position of the sliding window. Image
channels examples can be found in Figure 5.2. Image channel computation is even optimised by
the use of linear approximations of non-linear transformations. Three types of channels are used:
gradient histograms, colour (including grayscale, RGB, HSV and LUV), and gradient magnitude.

Figure 5.2: Different channel examples found in [29].

Features Two types of features are distinguished: the first-order features and the higher order
features. For an analysed window, a first-order feature corresponds to the sum, over a certain
portion of the window, of the values obtained through the channel to which the feature is linked
to. Th higher-order features are computed through weighted sums of multiple first-order features.

Feature approximations For many detection algorithms, the bottleneck lies in the computa-
tion of image channels on every scale of the image [20], [29], [40], [75], [107]. Indeed, most of
the detectors use the classifier pyramid for its ability to use many features that are not required
to be scale invariant. However, the classifier pyramid needs the image to be computed at each
scale which requires a long computational time. The idea of Dollár, Belongie and Perona is to
divide the image into multiple classifier pyramids at different image scales, such as in Figure
5.1, and approximate features (such as gradient histograms) at nearby scales. The proposed
approach achieves nearly the same accuracy as using densely sampled image pyramids, with
nearly the same speed as using a classifier pyramid applied to an image at a single scale [23].
This approximation leads to a minor loss of detection accuracy (1-2%) but yields a 10-100 times
faster detection process. More information on this feature approximation can be found in [23].

Integral image Integral image is a method allowing to perform fast local sums of pixels in
rectangular areas within an image by performing only one main computation at the beginning of
the process. The principle is that every point on the image is represented by the sum of all the
the pixels positioned before it along both axis. The formula [14] giving the value I(X,Y ) at each
pixel is thus

I(X,Y ) =
X∑
x=1

Y∑
y=1

f(x, y)

with f(x, y) being the value of pixel at a (x, y) position. The sum of a rectangle defined by
(x1, y1;x2, y2), as shown in Figure 5.3, is then

S(x1, y1;x2, y2) = I(x2, y2)− I(x1 − 1, y2)− I(x2, y1 − 1) + I(x1 − 1, y1 − 1).
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An example image is shown in Figure 5.3.

Figure 5.3: Integral image example image found in [14].

Adaptive boosting The principle of adaptive boosting is explained in Section 3.1.1.2. However
ways the iterative training phase is performed in this case needs to be explained, and works
as follows. Random training data is picked from the training data set and a weak classifier is
built. This weak classifier is then tested on the whole data set in order to detect where its major
strengths and weaknesses are. After that, another weak classifier will be trained, again using
randomly selected training data, but where data points that the previous classifier got wrong are
more likely to be selected. This procedure is then repeated a large amount of times. In the end,
the boosted classifier is actually composed all the weak classifiers that together form a strong
one. Because the strengths and weaknesses of all the weak classifiers are known, when an image
is tested, the boosted classifier determines which weak classifiers should have more weight in the
final descision.

Duplicates suppression In order to suppress nearby detections, a non-maximal suppression
algorithm, with the pairwise max suppression approach [41] is run. This approach has been
chosen for its simplicity of use as only one parameter is needed.

5.1.2 Detection performance

The tested performances of the algorithm will be described below. The performances can be
divided in two categories: the detection quality and the computational speed.

Detection quality As mentioned earlier, the chosen detector is said to have 60% detection
rate at 1 false positive per image on the challenging Caltech-USA data set. However, testing the
detector on easy-to-detect images such as the one in Figure 5.4 taken by the setup, better results
were discovered. Indeed, a detection rate of almost 100% at 0 false positive per image was found.
On more challenging data, the detection rate is lower and expected to be close to the detection
quality described by the detector’s authors.

The detection range is another criterion for the detection quality. The chosen detector is
trained in order to be able to detect people of a minimal height of 100 pixels. Using the pinhole
model, this value corresponds to a range of approximately 25m. By manually testing the detector
in good conditions as well, the detection rate is, as expected, at approximately 25m. As the
original goal was to track pedestrians up to fifty meters, this maximal distance is very restrictive.

Computational speed The computational speed of the detector on a typical computer is
about 0.2s. Coupled with the time needed to save the image which is significant, the usual
detection frequency is of approximately 4fps.
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Figure 5.4: Example image with the detector’s detected bounding box.

5.2 Data Fusion

A preliminary choice that has to be made before that of the data fusion architecture and approach
is how the different sensor firing rates will be dealt with. As stated earlier, the radar outputs
observations at approximately 6fps while the camera outputs at a frequency of approximately
4fps. Thus, the sensors outputs arrive in a disordered sequence. Two different possibilities could
be chosen from, either the data from both sensors can be directly treated independently by the
tracking algorithm as it arrives, or it could be fused with previous information from the other
sensor before sending it an updated detection. The second option was deemed as not optimal
because past data from the sensors would have to be extrapolated in order to estimate the
conjoined detection. Because certain tracking algorithms are already designed handle this type
of data fusion, it was considered useless to perform additional computations to fuse the data
prior to the tracking.

5.3 Tracking method

In this section, the justification of the tracking algorithm choice will be first explained.

After establishing a list of existing tracking techniques that could be used for point tracking, a
choice had to be made as to what method should be implemented. In order to decide on the track-
ing algorithm, a search for previous works with similar goals to this thesis’ was performed. After a
thorough look through the existing literature, two most relevant2 articles were selected. These are
[61] and [55]. They describe algorithms used to track multiple objects using both a camera and a
radar. Although these papers propose solutions to tracking pedestrians with a device mounted on
a vehicle, which is not the primary goal of this thesis, the methods implemented can also be of use
for a static setup. The algorithms developed in both cases work using a stochastic approach, with
[61] choosing a Kalman filter and [55] a particle filter. Even though deterministic methods have
been proven to give great results for camera based tracking (as in [59] and [7]), they are not pop-
ular when multimodal sensors are used. This is one of the reason a deterministic approach is not
selected for this project but the major reason concerns the way observations are made by the radar.

As mentioned earlier, the radar’s output is made up of multiple observation points, with a
2An additional work should also be mentioned. [101] describes a multiple object tracking solution developed

during the EU FP7 (the Research and Innovation funding programme established by the European Union from
2007 to 2013) project SPENCER, which aimed to track people using a camera and a 2D laser. The obtained results
were impressively accurate, but because the radar is not as accurate as their lasers and due to the complexity of
their algorithm, it was decided that it would not be feasible to develop a similar algorithm in this thesis.
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(a) (b)

(c)

Figure 5.5: Different outputs of the same k-means algorithm ran on the same data set. The
colours represent the clusters the points were assigned to.

large number of false positives, but, most importantly, with multiple observations belonging to
the same target. These multiple observations per target cannot easily be used directly as input
for deterministic method, nor for a Kalman filter. The data has to undergo a cluster analysis first
in order to obtain well defined positions for each potential target detection. Thus, the clustering
methods described in Section 3.2.2 were put to the test.

The first clustering method that was tested is the k-means algorithm. The first challenge
that this method imposes concerns the number of clusters that have to be found. As discussed
previously, for the simplest versions of this algorithm, this number has to be known in advance
which can be challenging when the number of targets is unknown. There are methods that can
be used to determine this number, such as discussed in [58], but as it can be seen in Figure 5.5,
due to its stochastic nature, this algorithm is not consistent and can be unreliable at times. For
these reasons, this cluster analysis method was dismissed.

The second method analysed was the DBSCAN. While this method is deterministic and
computes more consistent results, its parameters have to properly be tuned in order to obtain
usable results. The two main parameters that have to be defined are the minimal number of
points needed to represent a cluster and the maximum distance between two points. Due to the
inconsistency of the radar’s observations, tuning these values has proven to be a hassle. There is
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(a) (b)

Figure 5.6: Results of the first version of the DBSCAN algorithm. (a) At iteration I. (b) At
iteration I + 1.

(a) (b)

Figure 5.7: Results of the second version of the DBSCAN algorithm. (a) At iteration I. (b) At
iteration I + 1.

no real consistency in the way that the radar detects targets and this means that these targets
can appear as completely different patterns of observations from one time step to another. This
behaviour can be observed in the following example.

As can be seen in Figure 5.6a, the DBSCAN is tuned so it can rightfully detect a target at
iteration I of the radar’s update. At this time step, the target is detected as a large amount
of points are separated by at most three meters around the pedestrian location. At the next
iteration shown in Figure 5.6b, the DBSCAN algorithm was applied with the same parameters
and the target was not found. This is because at that next iteration, the output from the radar,
for this target, is composed of only two points positionnedd extremely close to each other. The
DBCSAN variables could be trained to work for case resembling the one at iteration I + 1, as in
Figure 5.7, but as it is shown, that can create false positives at other iterations. The DBSCAN
algorithm, applied on the radar’s inconsistent data, outputs unreliable information that was
deemed too poor to be used for the tracking.
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Therefore, because of the poor results obtained by clustering algorithms it was decided to
follow the method used in [55] and implement a particle filter algorithm that would not require
a cluster analysis to work. In order to handle multiple targets, as described above, either a
JMPD can be used, or a new particle filter can be created for each target. Because no particular
advantages were found by using one or the other, it was decided that multiple filters would be
implemented in the first version and if it was to be shown that this method would not perform
as desired, the algorithm would be changed to use a JMPD.

5.4 Testing methods for algorithm evaluation

Before implementing the complete algorithm, the way it will be evaluated has to be determined.
The developed device is made to track pedestrians’ positions and draw their trajectories in the
the 2D azimuth plane, while being set at the same height as said pedestrians.

During the development of the algorithm, a decision had to be made on how to rate the
accuracy of the tracking such that improvements’ effects could be measured. The usual methods
used to rate tracking algorithms are made specifically for visual tracking only. The universal
databases that are used to perform benchmark tests, like those in [77] and [67], do not contain
any radar data, which is an integral part of this project. It was thus decided to create a data set
that would be used as a benchmark.

This section’s structure is as follows. First, challenging situations that the tracking algorithm
might encounter will be described. Secondly, there will be a description of the tests that were
imagined to simulate these challenging situations independently. Thirdly and finally, the tracking
quality evaluation methods will be explained.

5.4.1 Challenges

There are two distinctive challenges that will have to be faced. Firstly, the algorithm should be
able to accurately estimate a pedestrian’s position even during noisy situations. Secondly the
algorithm must be able to differentiate between the targets it tracks and precisely know which
target represents what pedestrian. In situations where pedestrians cross paths or occlude one
another, the algorithm must be able to correctly converge back on the right target.

It is important to note that accurate pedestrian tracking and handling of multiple targets
are considered as independent challenges and are thus tested as such. This is because the first
challenge aims at looking at how the algorithm deals with inaccurate data, in the form of sensor
noise as well as occlusions and how well it can converge on actual targets. The handling of
multiple targets is different in that the challenge will not come from the sensors or the environment
but rather come from the way that each target is handled by the particle filter. The difficulty
here lies in updating each filter with the right information and ignore detections of other targets.
An extremely accurate tracking algorithm that can find the exact location of a target would be
useless if it could not differentiate between various detected targets, and, conversely, an algorithm
capable of perfectly differentiating between targets would not be interesting if the estimations of
their positions were totally off.

5.4.2 Tests

In order to be as accurate and precise as possible, the ideal tests that could be performed would
have the device capturing data on pedestrians in different situations and manually record the
exact positions of the targets at every time step. By comparing the results of the tracking
algorithm with the real-world values, the accuracy of this algorithm could easily be computed.
Unfortunately, such an in-depth test was not feasible with this project’s resources, thus alternative
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methods were found and will be described below. As expressed in the introduction, this thesis
aims at testing challenging situations for both sensors and, therefore, all the tests were performed
with the device placed at no more than one meter above the ground.

Accurate target tracking In order to check the quality of the tracking without having to
record real world positions, simple tests were set up. For each of them, circular patterns of
known radii were drawn on the ground at known positions. The test participants were then
instructed to follow these paths while the device captured the data. The paths computed by
the algorithm are then to be compared to the actual circular pattern that the pedestrians followed.

In an effort to address multiple challenges, several tests were created. These tests attempt to
influence sensor’s data and its accuracy with occlusions and challenging appearances and light
exposures for the camera and by adding noise for the radar. These tests are listed in Table 5.1.

Challenge tested Test situation
No challenge(ideal situation) 5m radius circular path 20m away from the device
Occlusions 5m radius circular path around a 40cm radius tree 20m

away from the device
Lighting variations 5m radius circular path 20m away from the device partially

in the sun and partially in the shade
Radar noise 5m radius circular path partially among plants moving with

the wind, 20m away from the device
No radar data 5m radius circular path 20m away from the device
No camera data 5m radius circular path 20m away from the device

Table 5.1: Tests to assess the accuracy of the tracking.

Handling of multiple targets This challenge will be tested by having multiple people walking
in different patterns with clothes of the same and different colours. The corresponding tests are
listed in Table 5.2.

Challenge tested Different colours Same colours

People crossing paths from far away with
constant speed and direction

People crossing paths with constant speed
and direction

People changing direction as they meet

People changing direction and crossing
each other as they meet

Table 5.2: Tests to assess the handling of multiple targets. Distinct colour arrows mean a different
clothing appearance while same colour arrows mean a same clothing appearance.
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5.4.3 Evaluation

Tracking quality is difficult to assess. As there are no existing benchmark for similar experiments,
no baseline can be used in order to properly compare the results. Two evaluation criteria are
thus proposed and will be cited below. Each one of them will be discussed after the presentation
of each implementation of the tracking algorithm.

5.4.3.1 Accuracy

For monocular data, the most general way in which the accuracy of tracking algorithms is
assessed is through benchmarks such as the "MOT Challenge" [77]. Although these benchmarks
are mainly used for object tracking on the 2D image space, some databases can be used to assess
tracking on the azimuthal plane. The difference between these two types of tracking is crucial.
The errors between ground truth and the tracking results are compared using measurements in
the image space for the first one and in the azimuthal plane for the second one. The interesting
benchmarks for this thesis’ results are thus those evaluating tracking errors in the azimuthal
plane. Such benchmarks are discussed in [67]. The accuracy of these algorithms is generally
determined using the MOTP3D that computes an average value of the distance between the
computed position and the ground truth. Unfortunately, this measurement could not be used
because, as stated earlier, it was not feasible to capture the exact position of a target at every
time step.

An alternative solution was thus found. Targets would walk following a predetermined path
passing by known points so deviations from this path can be measured. Unfortunately, the
time aspect of the measurement is lost, all that is known is the shape and position of the path
originally taken by the pedestrian, and the positions of all the particles throughout the test.
Nevertheless, a circular path was chosen to measure the deviation between these two elements.
This shape is ideal because it makes the target walk in every direction and the deviation from the
path can easily be computed by taking the difference between the radius of the circular path and
the distance between the target’s computed position and the centre of the circle. This deviation
can be computed for every time step of the test and an average value of the error can be taken
as the average tracking error.

However, determining the exact position of a tracked target with a particle filter is not
straightforward. Indeed, as explained in Section 4.2.2, after each prediction, innovation and
resampling step, the particles represent a probability density function for the position of the
tracked pedestrian. All the particles having the same weight, the probability increases whenever
multiple particles are at the same location, but no exact location can be given with a 100%
certainty. This is why the absolute value of the deviation of each particle from the circular
trajectory is computed independently before an average is computed for every time step. The
final computation of this mean error , ∆̄xc, depends on the number of particles Np, the number
of time steps Nt, the position of the centre of the circular path and its radius ((X0, Y0) and R
respectively), and the position of each particle at each time step (xix,n, xiy,n). This is computed
using the following formula:

∆̄xc =
∑Nt
i=1

∑Np

n=1

∣∣∣√(xix,n −X0)2 + (xiy,n − Y0)2 −R
∣∣∣

Nt ·Np
. (5.1)

The absolute value is crucial to make sure that the deviations from the desired trajectories add
up instead of cancelling themselves out when being opposite sides of the path. In the quality
assessment and in the parameter tuning that will have to be performed, the aim naturally is to
minimise this ∆̄xc.
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Figure 5.8: Representation used to show the PDF defined by the particles. The green dot
represents the mean centre position of the particles while the blue ellipse represents the standard
deviation around that centre. This representation is showing a particle filter after the resampling
step and is thus composed of identical weight particles that might be overlapping each other.

In order to have a comprehensive visual representation of the behaviour of the particle
filter’s tracking, it was decided that, because only one target was involved in the accuracy tests,
the probability density function shaped by the particles could be approximated by a normal
distribution without loosing too much information. The mean position of the particles represents
the most likely position of the target and the standard deviation is used to analyse how spread
out the particles are. These elements will be graphically represented by a point and an ellipse,
respectively, as shown in Figure 5.8. It is important to note that this ellipse representing the
standard deviation, by the definition, contains approximately 68.2% of the particles.

5.4.3.2 Multiple target handling

The evaluation of a multiple target tracking is a more complicated task. With the available data,
no tangible value could be found in order to exactly and systematically judge the accuracy and
precision of the multiple object tracking. This is due to the fact that when a single target is
tracked, all the particles are supposed to follow it, and thus, all the particles should be located
around the tracked target, making the mean position of all the particles a good approximation
of the target position. On the other hand, when multiple particle filters are tracking multiple
targets, the particles can sometimes be divided into multiple clusters around multiple targets,
making the mean position of all the particles a wrong approximation of the position of the
tracked target. Thus, the assessment of the ability to cope with multiple targets will be done by
manually looking at the evolution of the particle filters.

If the algorithm converges towards a single target, the particles will be mostly clustered
around one position. If the algorithm is not capable of making the difference between targets,
the particles will be equally distributed in multiple clusters around these multiple targets, or in
the worst case, converge on the wrong target. By manually analysing these clusters, it can be
determined if the algorithm correctly distinguish between the targets.

61



62



Chapter 6

First algorithm developed for single
target tracking

In order to perfect the target tracking, it was decided to start by implementing a functioning
single target tracking that would establish a base to work on when stepping up to multiple
targets. The goal was to implement the simplest and most bare-boned version of a particle filter
tracking algorithm that could easily be modified so new elements could be added and tested
in a simple way. In order to do this, the most basic theory on multimodal data fusion and
particle filtering was followed as to introduce as less assumptions as possible. The algorithm was
developed using MATLAB, as it is the interface used to communicate with the radar and the
camera detector, along with the "Computer Vision System Toolbox" dedicated to image processing.

There are multiple steps that have been followed to implement this algorithm and these will
be cited below.

1. Retrieve the data from both sensors and allow them to communicate with the algorithm.

2. Choose a data fusion scheme adapted for different types of processed data.

3. Establish sensor error models for the camera and the radar so their observation error can
be estimated.

4. Implement a particle filter to track the targets.

5. Optimise the various parameters.

After the workings of this first version of the program is explained, a series of tests discussed
in the previous chapter will be performed. The results from these test will then be analyse and
discussed as to identify the elements that could be improved by adding of modifying elements
from this version.

6.1 Retrieving the data
The first challenge that is faced concerns the handling of the data coming from multiple sources
simultaneously. The radar connects to a computer using a TCP/IP connection that, once
established, cannot be interrupted nor delayed. This means that a processor core has to be
dedicated to handling this connection because it always has to be able to receive and handle
incoming signals from the radar instantly. Thus, this dedicated core can not perform any type of
computation other than handling the radar’s data and communicating with the other cores using
a shared file system and multicore locks.
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The camera connection is different, once a core establishes a connection, it can be left open
while other computations occur and, when data is needed, a frame can be sent upon request with
little delay. This means that, if only two cores are available for use in total, one can be dedicated
to the radar connection, and the other can handle the camera connection as well as all the other
computations such as the tracking. In an ideal scenario, three cores would be required: one for
the radar connection, one handling the camera connection as well as the pedestrian detection
and finally one core working on the tracking. In the current setup, a computer consisting of four
cores was available. Thus, the three core implementation choice has been chosen.

6.2 Data fusion

In this section, all the possible data fusion architectures will first be explored and their possibility
of implementation with the current setup and requirements will be assessed as well. Secondly,
the justification of of the particle filtering choice related to the data fusion challenges will be
outlined.

6.2.1 Data fusion architecture

For this thesis’ purposes, the distributed architecture did not seem useful owing to the fact that
it is better suited for large networks of sensors and only two sensors are used in this project.
There were thus no clear benefits of implementing this method.

The direct centralised architecture was also rapidly dismissed because it would cause a
significant bottleneck. This is due to the fact that there are two steps in the algorithm that
take a significant amount of computation time, these are the visual pedestrian detection and
the tracking itself. Having these two elements run in just one unique node was considered as a
waste of computing time because although the visual pedestrian detection and tracking update
at iteration In, for instance, have to happen sequentially, the pedestrian detection of iteration
In+1 can be done in parallel with the tracking update of iteration In, which would make the
program much faster.

The autonomous centralised architecture was also abandoned after the choice of the tracking
algorithm: the particle filter. Indeed, using this approach would mean performing separate
tracking with the radar observations and the camera detections before fusing the results in the
final node. This would mean that two tracking algorithms would have to run in parallel, which
takes time, and would require finding a way to combine results in an effective way. This approach
would also require to transform radar observations into detections via clustering methods, which
was proven to give poor results. Running a single particle filter that would be able to fuse the
data to perform the tracking all on its own was deemed a better solution.

Two possible options remain for the data fusion: the hierarchical architecture and the feature
extraction based centralised architecture. Having only two sensors, it seemed simpler to use the
feature extraction based centralised architecture only and thus to preprocess the data from the
camera and the radar in order to return 2D coordinates and send these to the final node: the
particle filtering. The data fusion scheme is depicted in Figure 6.1.

6.2.2 Data fusion approach

By examining the data fusion challenges that can be met during the fusion of a camera and a
radar for the purpose of multiple target tracking in Section 3.3.2, two types of data challenges
stand out: imperfections and inconsistencies. These two categories of data errors each have
their own way of dealing with fusion. However, only one solution of data fusion is identical for
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Figure 6.1: Data fusion scheme of the first developed algorithm.

both types of errors, namely the probabilistic data fusion approach based on the Bayesian filtering.

The fact that the previously chosen tracking and data fusion method, namely the particle
filtering, falls into the category of common solutions for both data fusion challenges is confirming
the good choice of this approach.

6.3 Sensor model

Defining observation error models of each sensor is the first step that has to be undergone to
implement a particle filter. The sensor error model will influence how the incoming data is going
to influence the particles. Although having a good model will increase the tracking precision, it
is not crucial for it to be perfectly accurate because there are other ways to ensure the good
functioning of the particle filtering. If the sensor model is slightly off, setting a higher process
noise or increasing the number of particles are two methods that can be used to compensate
for inaccurate estimations. Nevertheless, these methods do not come without inconveniences.
Increasing the process noise will make the PDF more spread out, so it will be more difficult to
pinpoint the position of the target and increasing the number of particles will slow down the
computations. For these reasons, even if it is possible to have a working program with a basic
sensor model, it was decided to be as accurate as possible with the sensor models.

6.3.1 Camera model

The camera’s observation error only applies to the pedestrian’s estimated position, because this
is the information that will be used by the tracking algorithm.

When a target is detected, as described in Section 5.1, the non-maximum suppression method
computes bounding boxes that are positioned as to be accurately centred on the target. Even
with targets far away, the bounding box is mostly always correctly centred on the pedestrians.
The angle at which the target is positioned compared to the centre of the frame can thus be
computed with great precision and does not depend on how far the target is from the sensor.

The range error is completely different. This distance is computed using the pinhole model
described in Section 3.1.2.1 by using the height of the bounding box. This can cause inaccuracies
because (1) an assumption of the target’s height has to be made and (2) even though the bounding
boxes are centred properly, their sizes compared to the targets’ can vary from frame to frame
which hinders efforts to link bounding box sizes to targets’ ranges.

The strong hypothesis was made that the bounding box around a pedestrian is always of a
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height of H = 2m because the average human height is on average 1.70m1 and the bounding boxes
often overestimate the true size of pedestrians. This model thus assumes a 30cm overestimate by
the bounding box. This has the negative effect that the distance of significantly taller or shorter
people would be quite difficult to estimate with this approach.

The bounding boxes do not always start at the target’s feet and stop at their heads, but often
miss these boundaries by a few pixels. This is due to the fact that the non-maximal suppression
is not constant and sometimes less accurate bounding boxes get selected. It was also noticed that
the bounding boxes’ sizes are increasingly overestimated as the distance of the pedestrians increase.

In the algorithm developed by Dollár, Belongie and Perona, as explained in Section 5.1.1,
there is only a limited number of bounding box sizes that can be tested. The smallest bounding
box is of a height of 100 pixels and this height is scaling up with a scale of δh = 2

1
10 ≈ 1, 07. This

means that, with a fixed estimate for a target’s bounding box height H, the computed range can
only take a limited amount of values due to the limited number of bounding box sizes. The range
difference ∆D between two consecutive bounding boxes (of size h and δh · h) can be computed
using the model described in Section 3.1.2.1 and Figure 6.2.

Figure 6.2: Distance difference (∆D) between two bounding boxes (in red and blue) of size h
and δh · h , representing a target of height H.

The assumption that the height of the centre of the bounding box (c) is the same for both
detections is made. If c is constant then d =

√
f2 + c2 is too. With the equations from the

pinhole model and knowing that H is constant, it can thus be written that:

D = H · d
h

D −∆D = H · d
δh · h

= D

δh
. (6.1)

And from this we have

1In Europe.
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Figure 6.3: Representation of the actual and estimated PDFs for the camera error model, with
the axes of the ellipses representing the standard deviations of the independent elements of the
covariance matrix. As it can be noticed, the true camera error model is greater the further it is
from the centre of the map.

∆D = D

(
1− 1

δh

)
≈ 0, 067 ·D. (6.2)

In the case ∆D would be computed for a scaled down bounding box of size h
δh

the new distance
would be D + ∆D and the formulas above can be used to find that ∆D = D (δh − 1) ≈ 0.072 ·D.
It could thus be assumed that these formulas would dictate the maximum error from the distance
estimation, however after this model was tested, much greater errors were observed. The reason
behind this difference is that the pedestrian detector is not perfect and sometimes outputs
bounding boxes that are multiple increments bigger than they should be. Nevertheless, the
Formula 6.2 states that the error in distance should theoretically increase linearly following D.
The factors 0.067 or 0.072 are not really adequate due to the errors mentioned above, but it is
reasonable to assume that the actual error still evolves linearly with the distance.

The camera’s inaccuracies are measured in the angle and range measurements, and thus, the
error will likely follow a multivariate normal distribution in the polar space, which is not how
the data is represented in the program. Nevertheless, because the angle inaccuracy is very small
compared to the range inaccuracy, the shape of this distribution will closely resemble a regular
multivariate normal distribution in the Cartesian space, as can be seen in Figure 6.3. It was
thus decided that a conversion to polar coordinates was not useful and the estimation in the
Cartesian coordinates (xc,yc) was used.

As explained previously, the azimuth angle determined by the camera remains constant as
the azimuth distance grows. This is why it was decided to model the error in the tangential
direction, xc, with a constant called γ1 which represents the variance of this error along that axis.

67



As for the range inaccuracies, it was decided to model the radial error using the standard
deviation σd = √γ2 ·D, where the value of γ2 is given through the tests described in Section 5.4.
γ2 is put under a square root here because ∆d represents the standard deviation of the error but
the final error model is described with a covariance matrix which means that the value σ2

d will
be used to define the error model.

Taking all the information above into account, a final camera error model can be established.
It follows a multivariate normal distribution whose covariance matrix is be determined along the
axes xc and yc as shown in Figure 6.3. This covariance matrix is defined as follows:

σ2
c =

[
γ1 0
0 γ2 ·D2

]
. (6.3)

6.3.2 Radar model

The radar model is simpler to estimate because it was noticed that, in the range of distances
that are used, the noise and precision are almost completely independent of the target’s range.
Although it is stated in the device’s manual [90] that the azimuth angle has a resolution of 0.1◦,
which should theoretically influence the precision of the targets positioning in the azimuth plane,
it was noticed that this was not the case with the actual data. However, errors of up to 4 meters
in all directions were seen when performing various tests, but in the ranges that were explored
(10m to 50m), no significant correlation could be observed between the distance of the target and
these errors. The precision of the observations depends rather on factors such as the environment,
where the tests are made, and various obstacles in the field of view.

The radars error model, as mentioned is thus quite straightforward, in that it can be
represented by a symmetrical normal distribution. Although this distribution does not vary as
a function of any quantifyable element, it was decided to make the weight of the observations
a factor in the error model’s covariance matrix as represented in Equation 6.4. The elements
of the covariance are inversely proportional to the intensity Ir of the recorded signal from the
radar. The effect of this is that radar detections with high weights will only and highly influence
particles close to them while lower weights will have less direct influence. The parameter δ will
be fine-tuned in Section 6.6.

σ2
r =


δ

Ir
0

0 δ

Ir

 (6.4)

6.4 Implementation of the particle filter

As mentioned, the tracking was chosen to be done using a particle filter, which is essentially
works with group of particles, each containing a state estimation in the form of attributes,
that will be updated recursively. These updates occur whenever one of the sensors outputs
new data. This data is then independently used as a new state observation and causes the
particles’ state estimations to update in a certain way depending on the sensor. In the case
of this implementation, the filter in itself is a structure that stores the time stamp of the last
update, the last time stamp at which the camera detected a target, and all the particles along
with their state information.
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The particles contain two attributes: xP = [xx, xy] and xv = [vx, vy]. These are the particles’
positions and their speeds and they are used to define the particles’ states. This data is expressed
following the coordinates illustrated in figure 6.4.

Figure 6.4: Axis used to measure targets’ positions with the device located in (0, 0) meters and
pointing in the positive y direction.

6.4.1 Introducing a target to follow

The tracking algorithm only starts when a target first enters the space scanned by the sensors.
Due to the extremely large numbers of false positives obtained by the radar, it was decided to
wait for the pedestrian detection algorithm applied on the camera data to detect a new target.
When a pedestrian is found, in order to track it, a new particle filter is created as follows. The
pedestrian’s position is estimated using the pinhole model and a multivariate probability density
function is created using the camera’s error model. Np particles are then created taking random
points generated following this PDF as their positions xP . Their speeds xv are initially estimated
at 0m/s because no information is available on it at the first iteration. The state of the n-th
particle of iteration i is thus represented as

xin = [xiP,n , xiv,n] = [xix,n xiy,n, vix,n viy,n]. (6.5)

6.4.2 The different updating steps

At each iteration, the particles will go through the different steps discussed in Section 4.2.2 in
order to update. The implementation of these different steps will be detailed below.

6.4.2.1 Prediction step

The prediction step is the first operation to be performed every time a sensor sends data. This
detection comes with a time stamp that can be compared with that of the last filter update.
This time difference, ∆T , can then be used to predict all the targets’ new positions, xiP,n, using
the common assumption that targets have constant velocities between iterations.
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However there is a certain level of uncertainty that comes with this dynamic model, and it
is added to this step by introducing a process noise, εTn , which as described formally below, is
a normally distributed random error that is added to the estimated position computed with
the dynamic model. The mean of this distribution is (0, 0) and its covariance matrix is σ2

p(∆T )
which is described below. This error distribution exists for two reasons. The first is that the
speed computed might be inaccurate at the time of the measurement, which can be partially
compensated with this error distribution. The second reason comes from the constant speed
assumption, which is a simplification of the real dynamics of the targets. The target’s speed can
change between measurements and this variation has to be accounted for. Because the targets
have a finite acceleration, it is reasonable to say that the smaller the time gap ∆T between
observation, the smaller the error can be. For this reason it was decided that the independent
elements of the covariance matrix would be proportional, by a parameter α, to ∆T . The value of
α is set empirically through rigorous testing that will be discussed later in Section 6.6. Thus,
σ2
p(∆T ) is defined by:

σ2
p(∆T ) =

[
α∆T 0

0 α∆T

]
. (6.6)

With all the parameters defined, the position prediction is thus performed as follows.

∀ n ∈ [1, 2, ..., Np] : xi|i−1
P,n = fn

(
xi−1
n

)T
+ εTn εn ∼ N

(
(0, 0),σ2

p(∆T )
)

(6.7)

fn =
[
1 0 ∆T 0
0 1 0 ∆T

]
(6.8)

The last computation that is made during the prediction step is the one regarding the speed
measurements. Under the constant speed assumption, this is quite straightforward as shown
next.

∀n ∈ [1, 2, ..., Np] : xiv,n =
dxiP,n
dt

=
xiP,n − x

i−1
P,n

∆T (6.9)

No error model has been applied to the computed speed, because it will only be used for
the prediction step of the next iteration. As shown in Equation (6.7), an error model is already
applied at that step, and adding one for the speed would not have much sense.

6.4.2.2 Innovation step

This step consists on weighting the particles proportionally to how close the prediction is to the
target’s position or, more precisely, to the observations’ positions. In order to do so, a PDF
P(xin|zik) is established around each observation zik under the form of a multivariate normal
distribution whose covariance matrix’s (σ2

s) characteristics depend on the type of sensor and its
error model. The weighting function, for each particle, sums up the probabilities P(xin|zik) of
each of the measurement. It is thus defined, with N i

o being the number of observations, as
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wi
n =

N i
o∑

k=1
P(xin|zik) (6.10)

The probability P(xin|zik) introduced in Equation 6.10 will be different if the update comes
from the camera or from the radar. This is where the sensor models discussed in Section 6.3
come into use.

6.4.2.3 Resampling step

The goal of this step is to select, with replacement, Np particles from the previously weighted ones
so that, by giving all of them the same weight, they reproduce the original PDF as accurately as
possible. Various methods of resampling exist but although they do not all output the exact same
particles, the differences between them are not significant enough to justify the choice of a method
other than by its computational speed. As mentioned in [54], systematic resampling is the fastest
method, especially when the number of particles gets larger. This method is implemented as
shown in Algorithm 1.

Data: Particles P i arranged in ascending order of weights wi
n which are normalised as to

add up to 1.
Result: Resampled particles Ri.
CS=

[
0, wi

1, w
i
1 +wi

2, ...,
∑N−p

n=1 w
i
n = 1

]
;

V ∼ U

[
0, 1
Np

[
;

n = 0;
k = 0;
while n < Np do

if V > CSk && V ≤ CSk+1 then
Rn = Pk;
n = n+ 1;
V = V + 1/Np ;

else
k = k + 1

end
end
Algorithm 1: Systematic resampling algorithm for Np particles described in [54].

This algorithm is cleverly designed as to select multiple times highly weighted particles
while also selecting a sufficient amount of less highly weighted ones in order to keep a balanced
distribution that, in the end, will resemble the original PDF.

6.5 Parameter optimisation

The particle filtering algorithm described above depends on multiple parameters that have to be
calibrated in order to perform an optimal tracking. The parameters that can be adjusted were
the following:

• α: linked to the propagation of the prediction step (Equation 6.6).

• γ1: fixed element of the covariance matrix in the camera error model (Equation 6.3).

71



• γ2: linked to the range dependant element of the covariance matrix in the camera error
model (Equation 6.3).

• δ: linked to the radar’s error model (Equation 6.4).

• Np: the number of particles.

In order to optimise each of these parameters, the data from four different tests detailed in
Section 5.4 are used as to minimise the chance of calibrating them for one specific scenario to
the detriment of all the others. From the six tests in Table 5.1 the ones that were not used for
the optimisation were the tests using only one of the two sensors.

The defining element that is used throughout the calibration is ∆̄xc, whose computation is
detailed in Equation (5.1). This value reflects how far off-course the particles of the filter are
throughout the tracking, thus minimising this value is a way to ensure an optimal tracking. To
eliminate risks of over-fitting, the final ∆̄xc is computed as the mean of all values computed
throughout all the iterations of the four tests.

In all the tests that were conducted, the resulting ∆̄xc obtained are very uneven, this is due
to the probabilistic nature of particle filtering, in some cases the target is lost and the error thus
increases dramatically. These mishaps show up in the data as spikes in the values of ∆̄xc. It
was chosen to show them in the graphs because it was not practical to show only the best case
scenarios for each variable. By keeping these outliers, regions can be found where these errors
are less likely to happen. The results of the optimisation of all the variables listed above will be
discussed below.

6.5.1 Optimisation of α

Finding a good value for α is important because it will reflect the accuracy of the dynamic
model. As described in Section 6.4.2.1, independent diagonal elements of the covariance matrix
representing the error in the prediction step are equal to α ·∆T . Before launching the tests, it
was noticed that, in general, when α was set to a value higher than 4, the particles would not
converge on any target and essentially be placed randomly. For this reason α = 4 was the highest
value set for the tests. The minimum value was set at 0.0001 to represent a very small error
and an equally small variation of the dynamic model. Results of this test can be seen in Figure
6.5a. From this, it can be noticed that small values of α tend to give better results so a test on
smaller values was performed and results are shown in Figure 6.5b. Although it may seem from
this second graph that values of alpha between 0.02 and 0.06 are optimal, it was later revealed
that for these small values of α, in the scenario with occlusions, the target was completely lost
by the algorithm. This loss of target meant that the particles stayed close to where the target
was last detected, which was correctly positioned on the circular path. Thus ∆̄xc did not get
too significantly big and because the other tests performed really well with these values, the
error was ultimately not visible in Figures 6.5a nor 6.5b. After making a controlled test with the
occlusion test, a value of α = 0.25 was finally selected.

This value means that, with a mean value ∆T ≈ 1
10 = 0.1s, using the formula expressed in

Equation (6.6), it yields an independent standard deviation of 0.16m.

6.5.2 Optimisation of δ

Having an appropriate value for δ is important so that the radar’s error model can be estimated
correctly. Because it will be divided by the weights coming from the radar, who range from 20
to 50, values of δ between 1 and 100 were taken such that standard deviations ranging from√

1/50 ≈ 0.14m up to
√

100/20 ≈ 2.24m could be tested. These values were chosen so multiple
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Figure 6.5: Variation of ∆̄xc as a function of α. (a) α ranging from 0 to 4,. (b) α ranging from 0
to 0.4

values starting at a very small radar error2 up to high radar errors could be experimented.
Results, shown in Figure 6.6, indicate slightly and quite steadily increasing values of ∆̄xc as δ
increases above 30. It is also visible that, below a value of 5, the error increases as well. The
value of this parameter was chosen to be set to δ = 30 which, on average tends to give more
stable results than smaller values.
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Figure 6.6: Evolution of ∆̄xc as a function of δ

This value defines the covariance of the radar’s error model and yields a standard deviation
ranging from 0.77m to 1.22m depending on the radar intensity signal.

6.5.3 Optimisation of γ1 and γ2

The two variables γ1 and γ2 are linked to the camera’s error model and their value will influence
the effect of the camera’s detections on the tracking of the pedestrians. Because both of these
values influenced the same factor, namely, the camera error model, it was decided to optimise
them together. The range that was chosen for both values was defined as to test standard
deviations ranging from 0.1m to 2.5m in both axes, which, again, represent respectively a very
precise sensor and an imprecise one. The range of γ1 is thus 0.12 = 0.01 to 2.52 = 6, 25. As for γ2,
because it is not the only factor influencing the standard deviation, the range D has to be taken
into account. It was decided that values of γ2 would be chosen such as the standard deviation
would also vary from 0.1m to 2.5m for a distance of D = 20m. With the standard deviation
being computed as σ = √γ2 ·D, this means that γ2 should range from γ2 =

(
0.1
20

)2
= 2.5 · 10−5

2Approximately 5 times more precise than what the supplier claimed the radar was capable of.
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up to γ2 =
(

3.5
20

)2
= 0.0306.
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Figure 6.7: Evolution of ∆̄xc as a function of γ1 and γ2. Dark blue represents small values, and
yellow large values.

After the first tests, it was noticed that results varied the most for lower values of γ1 and γ2,
such that, as shown in Figure 6.7, a logarithmic scale was chosen to represent them best. The
values γ1 = 10−0.5 ≈ 0.316 and γ2 = 10−2.3 ≈ 0.005 gave the best results.

These parameters at a 20m distance, yield a covariance matrix for the cameras error model of

σ2
c ≈

[
0.316 0

0 2

]
(6.11)

This finally give standard deviations of 0.56m and of 1.41m along the tangential and the
radial axis (with respect to the camera) respectively.

6.5.4 Optimisation of Np

Choosing the number of particles is be very important for both the speed and the accuracy of
the algorithm. While a high number of particles may be beneficial for the tracking algorithm’s
accuracy, it may require too much computing power to run efficiently. For this reason, the
effect of this number is observed in Figure 6.8. As it could be expected, the computing time
increases linearly with the number of particles. However, the accuracy reaches an asymptote
relatively quickly. As a matter of fact, once the number of particles reaches 500, the precision
stops increasing and levels out. This is why the value of Np = 500 was chosen.

As the computational time of an update with 500 particles is approximately 2ms, this number
of particle does not influence at all the real-time aspect of the tracking as the sensor data comes

74



in at an average of 10fps which allows the algorithm to perform the tracking during an average
of 0.1s.

100 200 300 400 500 600 700 800 900 1000

Number of Particles

2

2.5

3

3.5

M
e

a
n

 d
e

v
ia

ti
o

n
 f

ro
m

 p
a

th
 (

m
)

0

1

2

3

4

5

T
im

e
 t

a
k
e

n
 t

o
 p

e
rf

o
rm

 t
h

e
 t

ra
c
k
in

g
 (

s
)

10
-3

Figure 6.8: Evolution of ∆̄xc and time taken as a function of the number of particle Np.

6.6 Results and observations

This section aims to present and analyse obtained results with the optimised parameters. These
results will be discussed in the next section. Every test presented in Section 5.4 have been applied
to the tracking algorithm. Trajectory results of these tests can be found in Figure 6.9. Each of
these figures will be analysed below. On Table 6.1, the mean deviation ∆̄xc of the trajectory
described by the Equation (5.4.3) is calculated for every test. Also, as an example, Figure 6.10
shows all the particles of a trajectory drawn on the "no challenge" test.

In these figures, the frequency at which the PDFs are drawn are not representative of the
frequency of the updates. For better visibility, not all the PDFs were drawn, but depending on
the figure, only one in two to four updates are displayed.

It is important to note that the tests (a), (e), and (f) are all done with the same data. The test
without radar data is the "no challenge" test without the radar observations and the test without
camera detections is the "no challenge" test done by taking into account the first detection by
the camera (in order to start the tracking) and then only using radar data to track it.

(a) No challenge This test is the most basic one representing an ideal situation. It can
be observed that this version of the algorithm generally follows the ground truth trajectory.
However, some small deviations are present as well as one significant deviation on the top left
corner yielding ∆̄xc = 0.8254m.

(b) Occlusions The same small deviations as in the first test can be observed here as well.
Additionally, the path is completely deviating from the desired trajectory behind the obstacle but
finds the right trajectory after the occlusion, which causes the mean deviation to be relatively
high: ∆̄xc = 1.9623m.

(c) lighting variations The path is over a shadowy and sunny exposition which causes the
same small deviations as in the first test can be observed here and ∆̄xc = 0.6884m.
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Figure 6.9: Figures of the different tests. (a) No challenge (ideal situation): 5m radius circular
path 20m away from the device. (b) Occlusions: 5m radius circular path around a 40cm radius
tree 20m away from the device. (c) Lighting variations: 5m radius circular path 20m away from
the device partially in the sun. (d) Radar noise: 5m radius circular path next to moving bushes
20m away from the device. (e) No radar data: 5m radius circular path 20m away from the device.
(f) No camera data: 5m radius circular path 20m away from the device.
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Figure 6.10: Particles from the basic test (no challenge) of the first algorithm.

(d) Radar noise Again, the same small deviations as in the first test can be observed here.
Additionally, the majority of the ellipses are vertical and ∆̄xc = 0.6789m.

(e) No radar In addition to the small deviations, two observations can be made. First,
surprisingly, no camera detections were found at the top of the circle. Second, it can be observed
that, in the lower part of the figure, the path takes a slightly squared shape. These observations
lead to ∆̄xc = 1.1256m.

(f) No camera Camera data was used only for the first detection, and left unused for the rest of
the test. The same small deviations as in the first test can be observed here and ∆̄xc = 0.7328m.

Test ∆̄xc

No challenge 0.8254
Occlusions 1.9623
Lighting variations 0.6884
Radar noise 0.6789
No radar data 1.1256
No camera data 0.7328

Table 6.1: Tests results of the first algorithm.

6.7 Discussion

This section aims to discuss the results and the abnormalities found in the tests after the
parameter optimisation. Two main observations have arisen from this analysis: (1) sudden large
deviations from the ground truth and (2) a squared shaped path as well as vertical ellipses on
the "camera only" test.

6.7.1 Sudden deviations from the path

The first thing that seizes the eye when looking at the results in Figure 6.9 is the fact that,
sometimes, the path seems to jump off course without warning. This is mainly the case in test
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(b). It is thought that these errors are mainly caused by one element: the relatively large value of α.

Between two usual particle filter updates, a person walking at an average human speed of
1.4m/s is expected to move 14cm. As stated above, for a usual step, the dynamic model’s error is
as high as 16cm in both axes. This means that the dynamic model must not be able to estimate
correctly the next position of the target, thus needing such a large error to hope that some
particles end up in a correct location. This is illustrated in all the tests by the fact that the
ellipses representing the standard deviation of the PDFs are always very large, showing standard
deviations of the order of one meter. The fact of having large predictions makes the particles
more sensitive to radar noise. Indeed, if the radar outputs a false positive, even distant from the
trajectory, it can cause a few particles to end up close to this erroneous observation and, through
the resampling, force a large portion of the particles to converge towards it.

This is especially visible in test results (b) in Figure 6.9b. The occlusion (a tree) causes
the target to be undetectable by both sensors, but, because of the radar updates, particles
are continuously moving towards the source of the radar noise, which is induced by the tree.
Fortunately, when the camera performs the update, it sets the particles back on track.

A counter-example can be found on test (e) and, thus, in Figure 6.9e. When only the camera
tracks the pedestrian, a loss of detection for a certain duration caused the particle filter not to
be updated for a moment. An interesting behaviour compared to when the radar is used can be
noticed here. When the particle filter did not receive any camera detections at all for a moment,
the particle filter did not receive any other data. This had the beneficial effect of keeping the
particle filter where it was last updated instead being led towards false positive observations
causing sudden deviations from the trajectory.

6.7.2 Squared shaped path and vertical ellipses

On the tracking results of the camera only, three observations have been made: a loss of detections
on the higher part, a squared shaped trajectory on the lower part, and vertical ellipses representing
vertical PDFs. The loss of detections is already mentioned above. Thus, the squared shaped
path and the vertical ellipses will be discussed here-under.

Squared shaped path On the lower part of the trajectory, the drawn path seems to follow a
horizontal line with two sharp angles on both edges, thus giving a squared shape to the lower
part of the path. This effect was attributed to the poor range estimation of the pinhole model,
and the fact that the bounding boxes come only in specific predetermined sizes which makes the
task of estimating a precise distance even more challenging.

Vertical ellipses The vertical ellipses happen because of the error model of the camera and
this effect is to be expected by looking at the influence of γ1 and γ2. As mentioned previously,
the values found for these parameters cause the error model to have a much larger standard
deviation in the radial than in the tangential direction.
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Chapter 7

Improved algorithm for multiple
target tracking

After the development of the first algorithm several improvements have to be made. Indeed, the
first algorithm was developed based on the preliminary choices and implemented following theor-
etical models. However, obtained results, as discussed in the last chapter, were not satisfactory
enough. Moreover, handling multiple targets being a necessary feature, is an element that has
to be added. A new version of this algorithm was thus developed based on this thesis’ authors’
scientific intuitions, knowledge, and researches.

As intended, the first algorithm was a basic implementation that could easily be modified
and on which new elements could be added. In this chapter, the modifications that were made
are justified and explained. Every other aspect of the algorithm that is not mentioned in this
chapter remains the same as in the first developed algorithm. Finally, results and observations
will be presented and discussed.

7.1 Handling a varying number of pedestrians

The first algorithm developed is only able to track one person. This choice had been made for
programming simplicity. One of this improved algorithm’s goal is to handle multiple targets
This includes being able to differentiate between multiple pedestrians, as well as handling the
addition of new targets to track and the removal of old ones.

Handling multiple pedestrians is a challenging operation. Bearing in mind that only the
camera is able to positively detect pedestrians, the simplest solution would to create a new target
to follow whenever a new person is detected by it. This target, along with the others would be
tracked using observations from both sensors leaving the particle filters to keep track of them1.
A particle filter belonging to a target would then be deleted whenever it is lost by the camera.
However, this naive method has many flaws.

Firstly, some pedestrians are detected multiple times by the camera on the same frame which
would cause the creation of unnecessary particle filters.

Secondly, ambiguities of sensor data might occur. These ambiguities often happen whenever
radar noise is intense and drives the particles along the wrong trajectory. This noise can be caused
by surrounding movements but also by other pedestrians. This last mentioned perturbation can,
for instance, drive multiple particle filters to converge on the same trajectory thus leading to the
loss of the initial targets.

1As stated earlier, it is in the particle filter ’s nature to filter out non-corresponding observations (the furthest
ones) and to take into account the corresponding ones only (the closest ones).
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Thirdly, pedestrians are not necessarily detected by the camera at each and every frame.
The removal of a particle filter would then be inappropriate in case of non-detection by the camera.

In order to keep track of the pedestrians, it is figured that the most robust method is to be
able to identify them independently at each possible update, based on their appearance. With
the radar updates, this operation is not feasible as it only gives weighted detections with no
other information than their locations. On the other hand, camera updates can be useful. Some
features can be used in order to determine an appearance model of a pedestrian. In this iteration,
the mean RGB vector (defined below) of a certain part of the detected window was chosen to
represent the appearance of a pedestrian. This area has been chosen in order to represent the
pedestrian’s appearance model with relatively high certainty. By manually analysing detections,
this area was established to be the portion of the bounding box defined by [1

3 ; 2
3 ] horizontally and

[1
5 ; 7

10 ] vertically, with box axis pointing towards the right and downwards. An example image is
shown in Figure 7.1. The mean RGB vector of a pedestrian k (particle filter k) is represented as
Ck = [Crk , C

g
k , C

b
k] and is calculated by performing the mean computation of each channel r, g, b

(red, green, blue) for every pixel of the area. Each channel is given a value between [1; 256].

Figure 7.1: The outer green bounding box is the detected bounding box. The inner green
rectangle is the area that is taken into account for the RGB mean calculation.

In order to distinguish between appearance models, a comparison function is created to
determine if two camera detections belong to the same pedestrian or not. For this purpose, a
basic euclidean distance between RGB mean vectors is calculated and normalised. The colour
difference Cola,bdiff between two colour vectors Ca and Cb is defined as

Cola,bdiff =

√(
Cra − Crb

)2 +
(
Cga − Cgb

)2 +
(
Cba − Cbb

)2√
(3 · 2562)

.

A threshold cth is then defined in order to determine if two vectors can be considered as similar
or different. Thus, two colour vectors Ca and Cb are treated as similar if Cola,bdiff < cth and are
considered different if Cola,bdiff > cth. The value of cth will later be optimised and discussed.

Addition The addition of a person is carried out whenever a camera-detected pedestrian is
considered different than every other targets. The new target is represented as a particle filter
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and given its attributes as in the first algorithm. This particle filter is then added to the list of
tracked targets. The newly added particle filter also receives a new attribute: its mean RGB
colour vector. This attribute will remain the same as the particle filter evolves.

Tracking If a camera detection is considered as similar to one or more already tracked
pedestrians, this detection will be sent to the corresponding particle filters only and will not be
influencing targets with different appearances.

Removal A person is removed from the list of targets by deleting it’s corresponding particle
filter whenever no similar camera detections are found within a time limit of δt.

7.2 Updated data fusion

In order to improve the quality of the tracking, a new data fusion model is used. This updated
approach is ddescribed below.

7.2.1 Camera range perception correction

As previously explained in Section 6.3.1, the visual detection algorithm uses a scale change factor
of 2

1
10 . The distance estimation between a larger bounding box and the next smallest one (∆D)

is thus estimated as ∆D ≈ 0, 07 ·D. This causes the visual detection position estimations to
only have a finite number of distances to chose from. Furthermore, these estimations grow more
separated as the distance increases. This effect is shown in Figure 7.2.

It is assumed that the use of these camera position estimations for the particle filter updates
were greatly and unfavourably influencing the tracking performances. This is thought to be due
to the fact that the error of the camera position estimation in not normally distributed. It was
noticed that at a constant distance from the camera, there are usually 5 consecutive sizes of
bounding box that can be given as output from the camera detector. These sizes are comprised
of the optimal bounding box size, two larger ones and two smaller ones. This means that when a
bounding box is given as output from the detection algorithm, the target can usually be anywhere
between the distance estimated by a bounding boxes two increments smaller and two increments
larger. Using the formulas derived in Section 6.3.1, if the distance D is computed for the detected
bounding box, the only thing known from the detection is that its actual distance is somewhere
between ( 1

δ2
h
D) ≈ 0.87 ·D and δ2

hD ≈ 1.15 ·D meters.

Because of this poor range estimation from the camera, it was initially thought that the
error model from the camera could simply be modified from a normal distribution to a uniform
distribution, bounded by 0.87 ·D and 1.15 ·D, along the radial axis. Unfortunately this lead to
particles significantly diverging at each camera update.

It was then imagined that previous radar observations could be of use to get better estimations
of the range, under the assumption that, in the time between the last radar update and the
camera update, the target has not moved significantly. The idea is to use the camera detection
position estimation of a target to define an area in the azimuth plane in which it is possible
that the detected pedestrian is located, as shown in 7.3. The radar observations from the pre-
vious radar update that are located in this area will then be used to determine a probable distance.

Instead of receiving one detection from the camera and updating the tracking algorithm with
its corresponding error model, the particle filter is updated using a set of points combining the
distance estimation of the radar and the angle estimation of the camera. As shown in Figure
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Figure 7.2: Visual detection position estimations on a circular path.

Figure 7.3: Representation of the camera range perception correction.
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7.3, this set of points essentially consists of the selected radar observations which have been
projected on the line passing through the camera and the camera detection. This way of fusing
the data was chosen because, from the previously found values of δ, γ1, and γ2, it was shown
that the camera’s azimuth angle estimation is significantly more accurate than the radar’s, and,
conversely, the radar’s distance estimation outperforms the camera’s.

The selected area’s dimensions were chosen as follows. Firstly because small angles are being
dealt with, it was assumed that a rectangle in the Cartesian space would be a close enough
estimation of a region delimited by a large range difference and a small angle variation in the
polar space. For the length of this rectangle, it made sense to use the previously computed values
0.87 ·D and 1.15 ·D because it corresponds to the observed variations. For the width, inspiration
was taken from the previously computed radar error model that showed, after optimisation, a
standard deviation of up to 1.22m in all directions. It was thus decided that the width of the
rectangle should span over 2.44 meters (1 standard deviation in each direction). This value was
chosen because the radar’s angle computation is not very accurate, thus having a too small width
could mean not selecting the observations that concern the intended target.

The new way of defining the camera-based update to the particle filter means that a new
corresponding error model has to be defined. Because the update is essentially using radar data,
it was decided to use a similar model to the radar’s for this new type of update. Because camera
data is also available at this iteration, additional information about the colour difference Cola,bdiff
between the original target and the detected one is known. Therefore, this information can be
used in the error model. It was incorporated by dividing the radar observations’ weights by
Cola,bdiff . The idea behind this is to minimise the influence of the observations if the colours do
not match well. The new covariance matrix linked to this error model is thus given by

σ2
c =


δ · Cola,bdiff

Ir
0

0
δ · Cola,bdiff

Ir

 . (7.1)

Selecting the last radar position points in a particular area is deterministic as opposed to the
particle filter, which is stochastic. This approach is unusual but brings the benefit of accurate
angle computation from the camera and accurate range computation from the radar.

7.2.2 Data fusion architecture

The introduction of this preliminary data fusion operation before the particle filtering changes
the whole data fusion scheme. As a reminder, the previous data fusion scheme was only based
on the feature extraction based centralised architecture. But in Section 6.2, another choice of
data fusion architecture was possible: the hierarchical architecture. The final designed scheme is
a combination of both architectures. The feature extraction based centralised architecture is
kept in order to feed the particle filter and the hierarchical architecture is used in order to fuse
the camera and radar data as explained above. The new data fusion scheme is represented in
Figure 7.4.
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Figure 7.4: Data fusion scheme of the improved algorithm.

7.3 Selective resampling

While looking at the evolution of the particles iteration per iteration, as explained in Section
6.7, it was noticed that unpredictable false positives and false negatives coming from the radar
cause the particle filter to converge towards wrong locations, which throws the particles off
course. This happens most often when the tracked pedestrian remains undetected by the camera.
Indeed, when the camera does not detect the pedestrian for a moment, the particle filter still
updates with data coming from the radar. If the radar data is very noisy, the particle filter might
be mislead towards incorrect observations. And when the pedestrian is detected again by the
camera, the particles may be too far from the detection’s position to converge back on the target.

In order to avoid this kind of error, it was decided to modify the resampling method when
radar updates are performed. To do so, less importance is given to the resampling step by
choosing to keep a certain proportion CP of the particles computed at the prediction step as
final particles. This is done by performing the usual resampling step with all the particles and
then randomly swapping CP ·NP particles with random non-resampled ones. This is defined as
the "selective resampling". If the value of CP is zero, then the particle filter updates as it did in
the previous algorithm, but if CP = 1 it is equivalent to not performing a particle filter update
with data from the radar.

It can be argued that the original resampling method already selected particles with poor
weights by design, but because its goal is to estimate the PDF computed by the innovation step,
the amount of these particles that it selects cannot be chosen.

7.4 Parameter optimisation

As with the previous algorithm, there are variables that have to be configured as to optimise the
tracking quality. These are listed below.

• α: linked to the propagation of the prediction step (Equation 6.6).

• δ: linked to both the radar’s and the camera’s error model (Equation 6.4 and Equation
7.1).

• CP : the resampling coefficient.

• cth: the colour difference threshold.

• δt: maximal time limit between two camera updates before removal of a particle filter.
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It can be noted that γ1, γ2, and Np, although still present in the algorithm, are not part
of the list above. In the case of γ1 and γ2, this is because, as previously mentioned, they only
influence the creation of a new filter, which has only a minor effect on the tracking and therefore
the values computed for the previous algorithm were reused. As for Np, the shape of the graphs
were not expected to change significantly and therefore the same number of particles was used as
previously.

The same tests as the ones described in Section 5.4 were performed to define these variables.

7.4.1 Optimisation of α and δ

As the use of α and δ are similar for this algorithm as for the previous one, their boundaries were
set in a similar fashion. For α, the initial boundaries were set between α = 0 and α = 4, but,
again, only small values of alpha gave good results and a more precise analysis was made with
values only going up to α = 0.5. For δ, values between δ = 0 and δ = 100 were again selected.
The results from these test are shown in Figures 7.5 and 7.6.
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Figure 7.5: Variation of ∆̄xc as a function of α.
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Figure 7.6: Evolution of ∆̄xc as a function of δ.

In Figure 7.5, the minimum error happens to be close to α = 0.1. This value means that,
with a mean value ∆T ≈ 1

10 = 0.1s, using the formula expressed in Equation (6.6), it yields a
standard deviation independent value of 0.1m.

In Figure 7.6, the value of δ = 28 has proven to give the best and most stable results. This
value defines the covariance of the radar’s error model and yields a standard deviation, symmet-
rical in both axis, ranging from 0.75m to 1.18m depending on the radar’s signals intensities. As
for the new camera model, a maximum standard deviation can be found at 0.25m for cth = 0.2,
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for instance.

These values have proven to work well across all tests and were thus adopted as default values
for this algorithm.

7.4.2 Optimisation of CP
This parameter refers to the amount of particles that will skip the resampling step during a
radar update. This parameter can range from 0, meaning the resampling is done as normal, to 1,
meaning the resampling step is completely skipped, and thus, no data information is held into
account for this update. The results of the tests on various values of CP are shown in Figure 7.7.
The value of ∆̄xc tends to decrease steadily as CP rises until CP = 0.6. At this point, the curve
seems to level out and reaches an asymptote. It can be seen that the minimum value of ∆̄xc is
achieved when CP = 0.75. For this reason, this value was adopted for the use of this algorithm.
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Figure 7.7: Evolution of ∆̄xc as a function of CP .

7.4.3 Optimisation of cth
This parameter determines, as explained in Section 7.1, if (1) a camera detection should create a
new tracked target, (2) which camera detection should update which particle filter(s), and (3)
which tracked pedestrian should be deleted from the list of tracked targets.

If cth is too small, the algorithm will see differences for small variations of colours. It will thus
create useless new particle filters when a tracked pedestrian’s RGB mean colour vector changes a
little bit. When tracking pedestrians, camera detections will less likely update their corresponding
particle filters and particles filters will more likely be removed because no corresponding camera
detection will happen for a certain duration δt.

Conversely, if cth is too great, the algorithm will not see much difference even between great
variations of colour. Particle filters will thus less likely be created. When tracking, particle filters
will likely be updated by many different camera detections, which will hinders the differentiation
between particle filters. And the removal of particle filters will be less frequent because particle
filters will often be updated by non-corresponding camera detections.

In order to define the optimal value of this parameter, the tests explained in Table 5.2 will
have to be performed. These situations involve two targets of similar or different appearances
crossing paths. By looking at how many filters were created and if the filters converge onto the
right targets, an optimal value of cth can be determined. No simple automatic and objective
way of quantifying the results obtained by different values of cth could be found. Therefore, the
assessment was done subjectively by hand while looking at the positions of the various particles
throughout the tracking scenarios. It was found that a value of cth = 0.15 is the value that
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gives the best compromise between separating the targets correctly and not creating too much
superfluous particle filters.

7.4.4 Optimisation of δt

As for the optimisation of cth, the calibration of δt also has to be done manually. In particular,
the removal of the particle filters of the pedestrians has to be analysed. If δt is too small, particle
filters will get too often deleted from the list of tracked pedestrians. On the other hand, if δt is
too great, particle filters will remain on the image for δt seconds after disappearing from the
field of view, and superfluous particle filters will be more likely to remain in the list of tracked
pedestrians. Thus a middle ground has to be determined. After a thorough analysis, a value of
δt = 2s has been found.

7.5 Results and observations

Results from the various tests explained in Section 5.4 will be presented below. The two main
elements that will be analysed are the accuracy of the algorithm and its capacity to handle
multiple targets.

7.5.1 Accuracy

(a) No challenge This test is the most basic one representing an ideal situation. It can
be observed that this version of the algorithm follows the ground truth trajectory with great
accuracy. The mean deviation from the ground truth is ∆̄xc = 0.5067m. Additionally it can be
noticed that the particles, whose distributions are represented by ellipses, are mostly densely
packed during the trajectory except briefly on the top left corner and during the bottom right
quarter of the circle. These larger ellipses also correspond to zones where the centre of these
ellipses do not exactly follow the ground truth.

(b) Occlusions Before and after the occlusion occurs, the trajectory is well followed by the
algorithm. It can be observed that the particles get more dispersed as the occlusion blocks the
pedestrian. The top portion of the trajectory indicates that the target was not precisely tracked,
which was to be expected due to the occlusion. Nevertheless, the error during this portion is
not as significant as with the previous algorithm. The mean deviation from the ground truth is
∆̄xc = 0.8377m.

(c) lighting variations Although the ellipses follow the estimated trajectory reasonably well,
deviations from the ground truth can be observed on the right part of the circle. The ellipses
are also larger in general for this test than for the others. The mean deviation in this test is
∆̄xc = 0.7448m.

(d) Radar noise The same general observations of the first test can be applied here with a
∆̄xc = 0.6248m mean deviation. Larger deviations can be seen on the right side of the circle as
well as on the bottom left. These deviations coincide with regions where ellipses grow larger.

(e) No radar The trajectory deviates a lot from the ground truth by tracing a squared shape
path. The ellipses are significantly smaller than in other tests even if the tracking is off course.
The resulting mean deviation is of ∆̄xc = 2.2351.
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(a) (b)

(c) (d)

(e) (f)

Figure 7.8: Figures of the different tests. (a) No challenge(ideal situation): 5m radius circular
path 20m away from the device. (b) Occlusions: 5m radius circular path around a 40cm radius
tree 20m away from the device. (c) Lighting variations: 5m radius circular path 20m away from
the device partially in the sun. (d) Radar noise: 5m radius circular path next to moving bushes
20m away from the device. (e) No radar data: 5m radius circular path 20m away from the device.
(f) No camera data: 5m radius circular path 20m away from the device.

88



(f) No camera Camera data was used only for the first detection and left unused for the
rest of the trajectory. The same general observations as with lighting variations can be made.
In particular, the trajectory, although accurate in the y-axis, lacks stability in the position
estimation in the x-axis, as can be seen on the left and right sides of the circle. The resulting
mean deviation is of ∆̄xc = 0.6754.

Test ∆̄xc for the first algorithm ∆̄xc for the second algorithm
No challenge 0.8254 0.5067
Occlusions 1.9623 0.8377
Lighting variations 0.6884 0.7448
Radar noise 0.6789 0.6248
No radar data 1.1256 2.2351
No camera data 0.7328 0.6754

Table 7.1: Tests results of the first and second algorithms.

7.5.2 Handling multiple targets

The second part of the testing analyses the way multiple targets are dealt with and what the
limits of this algorithm are. When performing the various tests described in Section 5.4, some
scenarios caused different behaviours of the particle filters. These behaviours will be discussed
next. The representations of the following behaviours are depicted in Figures 7.10, 7.11, and
7.12.

Firstly it can be observed that, in Figure 7.10, when pedestrians wear clothes of opposite
colours, the algorithm tracks them with great accuracy, even when they are less then a meter
from each other and walking in the same direction. The particles are tightly grouped around the
right targets and mostly do not overlap. The only element that is noticeable in such a scenario is
the creation of surplus filters. These excess filters follow targets that were already followed by
another filter.

Secondly, in Figures 7.11 and 7.12, when targets wear similar colours, excess filters can also
be noticed, but they are not the only issue. The tracking of these similar targets is very unstable.
When targets get closer to one another, particles from all filters can be seen around both targets
locations which indicates the fact that the algorithm cannot differentiate properly between them.
Moreover, when the targets get close to one another, the particles representing them tend to
agglomerate in the space between them instead of forming one cluster on each target. It can also
be seen that filters jump from a target to another between iterations even if targets are more
than five meters apart (both in the x and y axis). These large variations in the positions of the
particles can occur both with camera and radar updates.

7.6 Discussion

By analysing results obtained in the previous section and comparing them to the results obtained
by the first iteration of the algorithm, certain elements stand out and will be explored. Two
main aspects can be discussed in this section, namely the accuracy of the tracking and the way
multiple targets are handled. These two elements will be examined in this section by analysing
the values of the parameters computed in Section 7.4, as well as the results of the various tests
made in the previous section. Observations from this algorithm will be compared to the previous
version in order to assess whether the modifications that were made were justified.
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7.6.1 Accuracy

Three main observations concerning the accuracy of the tracking will be discussed below. Firstly,
the tracking with occlusion is much better handled. Secondly, the ellipses’ sizes vary much more
than for the first algorithm. Thirdly, although the radar seemed to give good results for the
tracking, the selective resampling has a coefficient of CP = 0.75, meaning that the radar updates
are barely used on their own.

7.6.1.1 Occlusion handling

The "occlusion" tests are depicted in Figures 6.9b and 7.8b for the first and second algorithm
respectively. As can be seen on these figures but also in Table 7.1, the tracking is much better
handled by the second algorithm in the case of an occlusion. With the first algorithm, the
particle filter is attracted towards the radar noise while with the second algorithm, the particle
filter remains in place until a new camera detection occurs. That is believed to be caused by two
factors. Firstly, the newly optimised value of α, which is smaller, and secondly, the introduction
of the selective resampling.

Concerning the value of α, in the first algorithm, a value of α = 0.25 was found. This value
leads to a standard deviation of 0.16m within a time difference of ∆T = 0.1s, while the estimated
walking distance by a pedestrian during ∆T = 0.1s is of 0.14m. In the second version of the
algorithm, a value of α = 0.1 has been optimised. This value generates a standard deviation
of 0.1m which is considerably smaller than the previous one. This evolution of α means that,
after the modifications explained above, the prediction updates are less spread out, which shows
that the updates of the particle filter can be more trusted. It is believed that this is mostly due
to the new camera data update. An advantage of this small value of α is also that, when the
camera does not detect the target anymore, the particles spread less broadly and, thus, follow
the radar noise less.

Concerning the selective resampling, the particularly high value of CP = 0.75 should be noted.
This means that when the radar performs the tracking on its own, only 25% of the particles
get resampled whereas 75% of them stays spread out. This is the reason why, in Figure 7.8b
for instance, as soon as the camera looses the pedestrian because of the occlusion, the particle
clouds start to inflate until the camera performs another detection. Thus, the advantage of
that selective resampling is that, instead of following the noise like with the first algorithm, the
particle filter simply remains near the last camera detection and grows at each radar update in
order to anticipate the position of the next camera update.

7.6.1.2 Ellipses’ size variation

In the test presented in Figure 7.8, it can be noticed that the ellipses representing the distribution
of the cloud of the particles vary much more than for the first algorithm. These clouds often
grow when the tracking leaves the supposed-to-be-followed path while they usually shrink when
they get back on the path.

Smaller particle clouds can be explained by the fact that a smaller value of α is used (0.1
against 0.25), along with the more precise camera position estimation. It means that during the
prediction step, particles spread out less further and often arrive close to the detections. On the
other hand, bigger particle clouds, can be caused by two different factors. Firstly, as explained
above, when the camera does not detect the pedestrian anymore, the selective resampling makes
the particle clouds grow incrementally. This happens in the "occlusion" (b) and the "lighting
variations" (c) tests when the camera looses the pedestrian. Secondly, radar noise can also enlarge
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the particle clouds because they bring ambiguities. This effect can be noticed on the "radar
noise" (d) test for instance.

7.6.1.3 The resampling coefficient CP

As stated above, the value CP = 0.75 is particularly high. This means that radar data on its own
has a small impact on the particle filter updates. This can seem counter-intuitive because from
the results displayed in Figures 6.9f and 7.8f and in Table 7.1, it can be seen that the radar on its
own can perform a reasonably accurate tracking, which, more importantly, is significantly better
than what the camera can do on its own. This can be be explained by the fact that the updated
range computation explained in Section 7.2.1 (combining the radar range and the camera angle
computations) reaches a much greater precision than any of the two sensors on their own. This
data fusion is so accurate that the radar data, that was previously proven to be accurate enough
to track a single target with good accuracy on its own, is barely used alone anymore.

7.6.2 Handling multiple targets

In Section 7.5.2 and on the basis of Figures 7.10, 7.11, and 7.12, two observations have been made.

First, is has been noticed that apart from the fact that superfluous particle filters were created,
the tracking of dissimilar pedestrians is much better handled than with similar appearances.
This difference in performance is a good indication that a robust target discrimination with the
appearance could lead to great performances when tracking multiple pedestrians.

Secondly, if the appearance of pedestrians is similar, particles filters are more likely to make
errors due to the radar data. This observation, once more, reinforces the idea that a stronger
pedestrian appearance discrimination needs to be implemented.

7.7 Comparison with the state of the art

After assessing the performance of this algorithm, its quality can be compared to other currently
used tracking algorithms. As mentioned previously, [61] and [55] also developed multiple object
tracking algorithms using a camera and a radar, and it thus seems relevant to compare the
results we have obtained with theirs. Unfortunately, their code is not available and not much
details were given on the accuracy of these algorithms. For these reasons, it was decided to look
at other, more common, tracking methods only using cameras with monocular data.

As previously mentioned, the accuracy of monocular vision based algorithms is determined
using the MOTP3D. The best algorithms give average values of MOTP3D = 0.533m, which
means the standard deviation between the estimated position and the ground truth throughout
the databases of [67] is 0.467m. Which at first sight seems to be better than this algorithm,
however, it must be noted that these data sets are completely different to this thesis’. Indeed,
by looking through the "MOT Challenge" database, the 3D tracking situations are either (1)
a camera at eye-level, situated in a crowd, tracking pedestrians in close proximity, or (2) a
camera placed high above a certain location, tracking people below. None of these two situations
correspond to the intended use of the algorithm developed in this thesis (having a camera placed
at human height tracking pedestrians at long ranges). Thus these 3D tracking tests aim to track
pedestrians at a range proportional to the camera’s height. That could be justified by the fact
that most 3D tracking algorithms with a single camera primarily use the detected position of the
pedestrians’ feet in order to estimate the range of these pedestrians. Thus the main element that
plays a role in the accuracy of the detection is the angle between the ground and the line passing
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through the targets’ feet and the camera. In Figure 7.9, this angle corresponds to ω. The bigger
this angle is, the more accurate the detection can be. This angle shrinks when the distance
between camera and pedestrian grows, and increases with the height at which the camera is
placed. It is thus not surprising that the tests of [67] are done either with a low camera for close
proximity targets or with a high camera for further ones.

The first comparing option is to evaluate this thesis’ algorithm with benchmarks’ data sets.
However, none of these data sets contain radar data, which makes the evaluation impossible.

The second comparing option is to evaluate the benchmarks’ top performing algorithms
with this thesis’ data set. Although the comparison of the results would be biased in such
situations, because this thesis’ algorithm’s precision intrinsically does not depend on the height
of the camera, such an assessment would be interesting. However, once more, the comparison is
impossible because none of these codes could be obtained.

Although no direct comparison with existing algorithms could be established, an estimation
can be made as to how precise a monocular tracking algorithm should be in order to be equivalent
to the one developed in this thesis. This can be done by modelling the testing scenarios with
Figure 7.9. The device is placed at a height hcam above the ground and the target is at an
average distance D from it with an error margin of ±∆D. The intent is to find the amount of
pixels that correspond to a certain precision ±∆D in the azimuthal plane. When looking at
the case of +∆D, via Thales’ theorem, β

D = h
f , and in the following figure it can be seen that

β
∆D

= hcam
D+∆d

. Putting these together gives

h+ = f · β
D

= f

D
· ∆D · hcam
D + ∆D

. (7.2)

Figure 7.9: Testing scenario following the same notations as the pinhole model.

As for the case of −∆D the same computation as above can be made by simply replacing D
by D −∆D and D + ∆D by D. Thus obtaining:

h− = f · β
D

= f

D
· ∆D · hcam
D −∆D

. (7.3)

With a camera placed at hcam = 0.8m from the ground, the computation of the range of a
target, at a distance of D = 20m with the requirement of an average accuracy of ∆D = 0.6m,
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requires a precision of h+ ≈ 1.45 pixels and h− ≈ 1.55 pixels. It is thus believed that, with the
setup of this thesis, a tracking algorithm only using the camera would have to be able to track
the pedestrian’s feet with an error of less than two pixels in order to match the performance of
the developed algorithm.
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Figure 7.10: Two pedestrians with different appearances are walking towards each other, walking
side by side and then crossing path to different directions. It corresponds to the test of the fourth
row and first column of Table 5.2.
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Figure 7.11: Two pedestrians with similar appearances are walking in two parallel straight lines
six meters apart. It corresponds to the test of the first row and second column of Table 5.2.
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Figure 7.12: Two pedestrians with similar appearances are walking in two parallel straight lines
six meters apart. It corresponds to the test of the second row and second column of Table 5.2.
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Chapter 8

Limitations, future works and
applications

Now that the whole implementation process, the final algorithm, and the test results have been
thoroughly explained and analysed, limitations of the current solution and future works that
can be conducted in order to improve it will be presented. These observations will be useful for
future researchers working on the continuation of this project. After analysing the performances,
possible applications of the device will be presented.

8.1 Limitations and future works

Ideas concerning the implementation can be categorised according to one of the next objectives:
improving the visual detector performances and efficiency, improving the distance estimation by
the camera, and better handling multiple objects. Ideas also concerning the equipment will be
cited.

8.1.1 Improving the visual detector performances and efficiency

These suggestions aim to improve the the performances as well as the efficiency of the visual
pedestrian detector.

8.1.1.1 Lowering the computation power requirements

The current algorithm is able to run a real-time tracking but its speed and accuracy highly
depend on the available computing power. Indeed, as said earlier, the bottleneck of the program
is the visual detection. Conversely, the computational time of the tracking operation is negligible
and the radar signal processing is performed externally with a communication time lag that is
also negligible.

During tests, it was noticed that the algorithm gave extremely good results on a 2.7GHz
quad-core Intel Core i7 processor machine with 16GB of ram and solid-state drive. However,
testing on an older 2,4 GHz bi-core Intel Core i5 with 8GB of ram and a solid-state drive gave
no conclusive results at all because of a too low frequency of visual detections.

Thus a solution to improve both the speed and the accuracy of the tracking is necessary. One
could be to replace or modify the visual detection algorithm to a faster one, naturally with the
same or better performances. This is the reason the idea proposed in the next subsection was
imagined.
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8.1.1.2 Candidate generation for pedestrian detection

The high computational time of the pedestrian detector is partially due to the exhaustive scan
performed on the image before the pedestrian classification. As explained in Section 3.1.1.1,
candidates are obtained by selecting every possible bounding box’s size at every possible position
in each frame. With large image formats, this number can get extremely large. It is thus thought
that the number of these candidates could be considerably decreased with a new candidate
generation algorithm using previously acquired data from the radar. By reversing the pinhole
model described in Section 3.1.2.1, each radar observation could generate a set of possible
candidate bounding boxes for pedestrian classification. It is believed that, depending on the
environment where the device is placed (depending on the radar noise), the use of this method
could reduce the number of generated candidates by up to two orders of magnitude.

8.1.2 Improving the distance estimation by the camera

This section aims to improve the distance estimation by the camera by proposing new features
to the already existing pinhole model.

8.1.2.1 Pinhole model

The pinhole model explained in Section 3.1.2.1 assumes that each bounding box constructed
around a pedestrian corresponds to a 2m high box around it. This is quite a strong hypothesis
considering the fact that, as stated in Section 6.3.1, the bounding box around a pedestrian
increasingly overestimates its real size the further it is. It is thus believed that a solution giving
a more correct distance estimation would be to test, for each bounding box’s size, the average
height overvalue and implement it in the algorithm as a table of value.

Another problem of the current distance estimation via the pinhole model is the fact that
is is assumed that pedestrians have a height of 1.70m resulting in a 2m high bounding box.
Particularly small or tall pedestrians are thus less likely to be estimated at their actual range. A
solution to that problem could be, when a pedestrian is first detected, instead of only taking into
account radar values around the position estimation of the camera, considering every possible
radar observations along the camera’s radial axis in order to be certain to capture the pedestrian
with the radar observations, whatever its size is. Then, whenever the certainty of having detected
the same pedestrian with the radar and the camera is sufficiently high, the pedestrian’s actual
height can be saved for further distance estimations. This solution, however, does not seem
suited for crowded environments.

8.1.3 Better handling of multiple objects

This section aims to improve the way multiple targets are handled by the tracking algorithm.
The first two subsections present suggestions to improve the already implemented multiple object
management of the tracking algorithm while the third subsection proposes a different way of
handling multiple targets by making use of an independent camera-based tracking algorithm.

8.1.3.1 Target discrimination

The current algorithm, when updating with the camera detections, only uses the RGB mean
colour as a feature in order to discriminate between detections. Also, the RGB mean colours of
tracked pedestrians are only saved at the first detection and are not updated during the tracking
operation. Due to the issues that arose during the multiple target tests (discussed in Section 7.6),
it is believed that a more robust approach concerning the target discrimination would benefit
the algorithm greatly, especially in challenging situations for the camera. Two major upgrades
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have been imagined in order to improve the robustness of the discrimination: the use of more
robust features as visual cues to compare for discrimination and constantly updating the target’s
characteristics with camera detections.

More robust features, such as the ones presented in Section 3.1.1.2, could be used. The best
suited features for this approach would be the less variant ones for the same pedestrians as well
as the more discriminative ones between different pedestrians.

Updating these features with upcoming camera detections should also be done in order to
adapt the model as the pedestrian’s appearance evolves.

8.1.3.2 New way of detecting new targets

In the final algorithm, a tracked pedestrian is added whenever a camera detection has a different
appearance from all the other tracked targets. This approach is risky because, if a new pedestrian
enters the tracking area and a target with a similar appearance is already being tracked, the new
target will never get tracked. In order to solve this problem, the distance between the detections
should be held into account in some way so the difference between two targets can be clearer. It
is believed that this distance could be quantified by the influence of a camera detection on all the
other particle filters tracking targets of similar appearance. If the influence is considered as small
enough, a new particle filter can be created. Thus, if a new pedestrian arrives in the field of view,
far enough from any other similar targets, its camera detection should barely influence the other
particle filters with a similar appearance, and therefore, a new particle filter will be created.

8.1.3.3 Using a state-of-the-art pedestrian tracker

As can be seen in the sections above, most of the improvements to the algorithm are camera-
related. The main issue of the current algorithm is differentiating between targets using the image
data from the camera. This problem is in fact already tackled by a multitude of monocular 2D
and 3D pedestrian tracking algorithms such as the ones tested in [67] and [77]. These algorithms
not only accurately detect the pedestrians, but also keep track of which detections belong to
which targets. This type of information is exactly what is needed in order for this algorithm to
perform ideally. Two possible methods can be used in order to integrate these existing algorithms
to this thesis’.

Firstly, 2D algorithms can be used to compute which bounding box corresponds to which
target. This information is usually computed under the form of probabilities, which can directly
be used as a replacement for Cola,bdiff in the current implementation of this algorithm. All other
computations can stay identical to the current version. Only the parameters might have to be
re-calibrated, but apart from that, it is believed that adding a 2D tracking algorithm should not
change the core programming behind the current algorithm.

The other possible solution would be to integrate a 3D pedestrian tracking algorithm to this
thesis’ program. These algorithms would, similarly to the 2D tracking methods, determine the
correct bounding boxes for each target, but in addition to that, provide an initial estimation for
the targets’ positions, effectively replacing the pinhole model. This would require more effort to
integrate due to the fact that various side functions would have to be re-written. A new error
model would also have to be developed for the camera data and it is presumed that, due to
the nature of 3D pedestrian tracking algorithms, this error model would largely depend on the
positioning of the camera.

8.1.4 Equipment

Because the aim of this project is to develop a prototype, the sensors that are used were chosen
in large part for their ease of use rather than their overall performance and their responses to
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the requirements. It would thus be interesting to select more adequate hardware for future
developments. Possible improvements for the choice of equipment are thus described in this
section.

8.1.4.1 Choice of camera

Our current camera is a USB camera module. This choice has been made for the ease of use
of this type of camera. But other cheaper and more advanced cameras are available on the
market, such as, for instance, the IP cameras that are widely used for surveillance purposes.
These cameras are often equipped with infrared LEDs that offer the possibility of night vision.
It is thus believed that using, for example, a cheaper IP camera would add the possibility of
tracking pedestrian in a dark environment. A possible limitation of the night vision, however,
would be the range of vision (depending on the power of the IR LEDs).

As the current camera’s view angle is of 60◦ and the radar’s is of 30◦, it is also recommended
to get a camera with a closer field of view to that of the radar, or inversely, in order not to waste
any data from one of the two sensors.

Another performance improvement would be to integrate a camera with a controllable optical
zoom. This new feature could allow the camera resolution to remain quite low while detecting
pedestrians at long ranges, thus allowing a low computational time for the pedestrian detection.
The controllable zoom, however, will have to be relatively accurate in order to adjust the focal
length with great precision.

A better choice of camera would lead the pedestrian detection algorithm to be able to detect
people much further away from the device than with the current setup. By selecting the proper
hardware, it is believed that targets could be detected at distances upwards of 50m, and thus,
hopefully fulfil the initial goal that was set: to accurately track pedestrians at distances between
five and fifty meters away from the device.

8.1.4.2 Use of a cheaper radar

As stated earlier in Section 3.2, for the purpose of focusing on the tracking and not on the signal
processing of the radar, it was decided to buy a radar provided with an in-board signal processing
unit, which was expensive. A future improvement and a substantial cost reduction would be to
perform the signal processing in a computer or controller and thus buying a more basic radar
only outputting the signals.

8.1.4.3 Parallel computation requirements

For the moment, the current algorithm is coded in the MATLAB programming language. If the
real-time version is run, three different threads working simultaneously are needed (in the case of
running it in playback, only two threads are needed). However, MATLAB only allows one thread
per core, thus a three threads tracking would not be possible on a dual-core processor, even if it
has more than two virtual cores. On the other hand, other lower level programming languages
such as C or C++ can run on virtual cores. This drawback can thus be avoided by translating
the code in a lower level programming language and by running the real-time algorithm in a
computing unit having at least three virtual cores.

8.1.4.4 Micro controller integration

A next step in the project is to integrate the data processing and fusion inside a micro controller.
However, micro controllers are often programmed in C language (C++ for more sophisticated
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ones). Thus, in order to integrate this thesis’ algorithm on a micro controller, it would, once
more, be recommended to translate the code in C or C++ programming language.

The code of this project is divided into multiple parts: running the camera and its detector,
running the radar and its communication protocol (its signal processing in the case of a lower
level radar), and the tracking. It is believed that translating the tracking part would be quite
straightforward. The signal processing of the radar, although not being implemented yet, should
be feasible as well. Concerning the pedestrian detector, it would be unadvised to translate the
current MATLAB code as it is extremely long and uses many native functions that would have
to be created manually. Thus, another solution would be to find another pedestrian detector
coded in C or C++. For instance, [5], which is written in C++, would be a good candidate as
it can reach a detection frequency of 50fps on high quality images on a typical computer and
with a slightly lower miss rate than the "Fastest Pedestrian Detector in the West". However, this
code is only available for research purposes, which does not correspond to the commercialisation
requirements of the project.

8.1.4.5 Extension to a moving platform

A major drawback of the device that is currently used is the small azimuth angle range of the
radar. Because of this, targets can only be tracked in a relatively narrow field of view. In order
to solve this problem, it was thought that the device could be placed on a rotating platform
that would let the device scan a larger area. In the current state of the implementation of the
algorithm, it is believed that it can be adapted to correctly function on a moving platform as
long as the movements of this platform are known. The only difficulty will reside in dealing with
uneven update rates for the targets because they will only be inside the field of view for a few
frames in a row before not being detected until the device turns towards them again.

8.2 Applications
The algorithm proposed in this work offers a way of combining a radar and a camera to track
pedestrians from a low vantage point. Although the implementation described does not yet deal
satisfyingly with multiple similar targets, it is strongly believed that, following the suggested im-
provements above, the algorithm will be able to have comparable performances to the state of the
art in multiple target tracking. It is also thought that the resulting algorithm, after being further
developed, will be able to rival current camera-only-based tracking in low vantage point situations.
This means that the finished device and program could replace the monocular vision systems for
applications requiring medium to long-range tracking with this kind of device placed at low height.

The first domain that can be interesting for such a product would be autonomous vehicles.
Indeed, the height is always restrictive in these kind of applications, which force the sensors to
be placed inside the dimensions of a vehicle. Some smart vehicles already integrate a radar and
multiple cameras but usually use them for separate tasks, having the radar focus on distant
vehicles, and the cameras analysing the environment as well as tracking pedestrians. It is believed
that integrating the algorithm discussed in this text in such vehicles could largely benefit their
safety features.

Another field that could benefit from this type of tracking would be the security in large
industrial zones. Being able to detect and follow trespassers in restricted areas can be very useful
for certain firms wishing to control access on their property. Using a rotating device with a small
viewing angle camera could be used to track people accurately over long distances. This could
improve the protection of the area while requiring less usual security cameras.

101



102



Chapter 9

Conclusion

As the demand for accurate real-time pedestrian tracking increases, a large amount of researches
are constantly being conducted, all aspiring to develop a method that could outperform all others.
While most works in this domain base themselves on monocular vision, some research teams
choose to experiment with other sensors, or combinations thereof. The underlying idea behind
these new developments is that, in certain scenarios, a single camera might not always be the
most efficient sensor that can be selected. As a matter of fact, due to the intrinsic nature of
these sensors, monocular vision-based pedestrian trackers generally struggle when dealing with
large distance variations. Radars on the other hand, while having other drawbacks, are a lot
more reliable in such scenarios, hence the idea of combining these two aforementioned sensors in
the hope of obtaining better results than either would be able to reach on their own.

The objective of this master thesis is to identify and exploit the strengths of both types of
sensors in order to perform accurate pedestrian tracking in a scenario known to be challenging
for both camera, and radar-based methods. For this purpose, a prototype device combining a
sensor of each type was thus conceived and a pedestrian tracking algorithm capable of tracking
multiple targets in the azimuth plane was implemented. Situations where the device is placed at
less than a meter above the ground, tracking one or more pedestrians walking up to more than
25 meters away from the sensors, and in different patterns were exclusively tested in an attempt
to prove the importance of this multimodal sensor combination.

The steps that were taken to implement a multiple target tracking algorithm combining a
radar and a camera are explained throughout this master thesis and the perks and drawbacks of
this fusion are explored. After establishing the context of the project, this work is divided in
three main parts.

The first portion of this study focuses on the data gathered by the sensors and how it is
transformed in order to be used by the tracking algorithm in itself. Firstly, the initial choices
of hardware and software platform are detailed and justified. The signal processing that is
performed on the radar data, and the pedestrian detection algorithm applied on the frames
captured by the camera are then explained. Various methods used to fuse these types of processed
data as well as multiple object tracking approaches are then mentioned.

After explaining and justifying essential choices that had to be made before the programming
and elaborating a series of tests that would be used to measure the performances of the tracking,
the implementation in itself is explained. A first version, only capable of tracking a single target,
is initially introduced following methods described in the state of the art. This is established as
being a first basic iteration on which more complex elements can be built. By analysing the results
obtained by the first version, a second algorithm is implemented based on suggested improve-
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ments as to increase the tracking accuracy and add the functionality to track multiple pedestrians.

In the last part of this work, after multiple tests are performed on the final algorithm, its
accuracy and precision are assessed and conclusions are drawn from the observations. Limitations
of the method that was developed are then expressed, combined with suggested solutions for
future works. This thesis ends on proposed situations in which using a camera and radar
combination would be optimal for multiple target tracking.

The final developed algorithm consists of a method of multiple object tracking using mul-
timodal sensors, namely a camera and a radar. The signals from the radar are processed using a
method developed by RFbeam [90] and outputs a series of observation points. The frames from
the camera are analysed by a pedestrian detector developed by Dollár, Belongie and Perona.
These detections are then converted into usable position estimations by the pinhole model. The
data fusion is then performed based on architectures described in [70] and [32], which, when
possible, matches radar observations with camera detections using the targets’ appearances.
This processed information is then handled by a particle filtering method inspired by [55] that
iteratively outputs probability density functions of targets’ locations.

It is found in this work that combining a camera and a radar with a particle filter is an
effective method for multiple object tracking. Indeed, the test results show that when targets can
be discriminated from one another, the particle filter approximates the targets’ positions with an
accuracy close to half a meter. This algorithm resists well to obstructions and converges back on
the targets’ positions after they are detected again. Unfortunately, in its current version, when
targets are too visually similar, the particle filter does not handle them properly and loses its
accuracy. This leads to the conclusion that the inherent accuracy of the tracking comes, in most
part, from very good radar observations, but the crucial task of matching these observations to
the appropriate targets is primarily done by the camera.

Although the algorithm’s inability to deal with similar targets seems like an important
shortcoming, it is firmly believed that it can be solved by updating the vision-based target
discrimination using state-of-the-art methods. Multiple other possible suggestions were listed
such as (1) improving the visual detector performances and efficiency, (2) improving the distance
estimation by the camera, (3) using cheaper and better performance sensors and computing units
and (4) adapting the device to a moving platform. Additionally, these improvements are believed
to lead to an accurate tracking for targets at distances of more than 50 meters, as was hoped for
in the initial goals of this work.

This work will hopefully serve as a baseline for researchers trying to improve current mul-
tiple target tracking algorithms by combining a camera and a radar. It is believed that future
developments based on this study could obtain results comparable to the current state of the art
in multiple object tracking.

In conclusion, this master thesis proposes a compelling way of combining a radar and a
camera for real-time multiple object tracking with a particle filter. Results have shown that the
algorithm that was developed offers good accuracy with clearly distinct targets and promises to
get even better results once suggested improvements are implemented.
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