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Resumo

Àmedida que a quantidade de dados de vídeo cresce, os esforços para criar sistemas

inteligentes capazes de observar, entender e extrapolar informação útil destes dados

intensi�cam-se. Nomeadamente, sistemas de detecção e tracking de objectos têm

sido uma àrea amplamente investigada nos últimos anos. No presente trabalho,

desenvolvemos um protótipo de tracking multi-câmara, multi-objecto que corre em

tempo real, e que usa várias câmaras �sh-eye estáticas de topo, com sobreposição

entre elas. O objetivo é criar um sistema capaz de extrapolar de modo inteligente

e automático as trajetórias de pessoas a partir de imagens de vigilância. Para

resolver estes problemas, utilizamos diferentes tipos de técnicas, nomeadamente,

uma combinação do poder representacional das redes neurais, que têm produzido

excelentes resultados em problemas de visão computacional nos últimos anos, e

algoritmos de tracking mais clássicos e já estabelecidos, para representar e seguir o

percurso dos objectos de interesse. Em particular, dividimos o problema maior em

dois sub-problemas: tracking de objetos de uma única câmera e tracking de objetos

de múltiplas câmeras, que abordamos de modo modular. A nossa motivação a

longo prazo é implmentar este tipo de sistema em aplicações comerciais, como

áreas comerciais ou aeroportos, para que possamos dar mais um passo em direcção

a sistemas de vigilância visual inteligentes.

Palavras-chave: Detecção de Objectos, Tracking de Objectos, Deep Learning,

Visão Computacional.
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Abstract

As the amount of video data grows larger every day, the e�orts to create intelligent

systems able to perceive, understand and extrapolate useful information from this

data grow larger, namely object detection and tracking systems have been a widely

researched area in the past few years. In the present work we develop a real time,

multiple camera, multiple person detection and tracking system prototype, using

static, overlapped, �sh-eye top view cameras. The goal is to create a system able

to intelligently and automatically extrapolate object trajectories from surveillance

footage. To solve these problems we employ di�erent types of techniques, namely

a combination of the representational power of deep neural networks, which have

been yielding outstanding results in computer vision problems over the last few

years, and more classical, already established object tracking algorithms in order

to represent and track the target objects. In particular, we split the problem in

two sub-problems: single camera multiple object tracking and multiple camera

multiple object tracking, which we tackle in a modular manner. Our long-term

motivation is to deploy this system in a commercial application, such as commercial

areas or airports, so that we can build upon intelligent visual surveillance systems.

Keywords: Object Detection, Object Tracking, Deep Learning, Computer Vi-

sion.
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Chapter 1

Introduction

The ability to see, understand and interact with our surroundings is a de�ning

human characteristic. We do this through our vision, which is the primary sens-

ing mechanism for humans and which enables us to easily perform complex visual

recognition tasks. By processing large amounts of data obtained through our visual

system we are able to perform tasks such as glancing at an image and immediately

understand it. Up until recently, this ability was restricted to humans and other

living beings, however with recent technological advancements, this ability is now

being passed on to machines. Computer vision is the �eld of computer science

which strives at giving machines the same ability as the human visual system:

to perceive the environment similarly to what we do with our eyes and brain.

Namely, due to rapid technological progress, computers are now able to perform

at human level in complex visual recognition tasks, and even surpassing human

level in tasks such as distinguishing between thousands of �ne-grained image cat-

egories (He, Zhang, Ren, & Sun, 2015). Due to these advancements, powered by

the increasingly growing availability of image and video data, along with contin-

uous improvements in hardware and software, computer vision is used today in

various types of commercial applications, such as medical imaging, face detection,

self-driving vehicles, image search, visual surveillance etc. However, despite the

encouraging prospects, there are problems which remain unsolved. One of these

problems is object detection and tracking, which has seen many advancements in

1



Chapter 1. Introduction

recent years, however, is still not optimal and e�cient enough to be deployed in

commercial applications solely by means of computer vision, without the use of

other technologies (e.g., traditional sensors such as LIDAR). In many cases, these

applications, need to process data and output results online and in real time which

is still a challenge for these systems which can not guarantee that the information

is processed fast enough in a reliable way. The present work strives to relieve these

problems by focusing on the research, implementation, and evaluation of state-of-

the art object detection and tracking systems with the long-term motivation of

building towards a solution that is reliable enough to be deployed and used by

real-world applications.

1.1 Overview

This section presents an overview of the object tracking problem as well as an

outline of the progress of recent years made in computer vision.

Tracking as a computer vision problem: Object tracking is the process of

detecting multiple objects of interest in a video frame1 and maintain the identi-

ties of these objects in the subsequent frames (over time) in order to identify the

trajectory of each object in the video. This is a simple task for humans: due to

our visual system, we are able to glance at a video and easily follow and describe

the trajectory of an object of interest. However, it is still a challenging problem

for computers. A video frame from the perspective of a computer is a large array

of numbers that encode pixel intensities in each location of the image. In order

to solve this problem, �rstly, a computer must translate these pixel values into

concepts, such as "person" to identify the objects to be tracked, and this must be

done solely by pixel intensities and the relationships between pixels. The system

has to process large amounts of pixel information multiple times in order to be

able to extract useful features. Secondly, in order to create the track of one per-

son through the video, a computer must recognize that the person in one frame

1Generally in the object tracking context, the detection outputs are the bounding boxes which

enclose each of the objects of interest in a frame.

2



Chapter 1. Introduction

is the same person as in the next frame. For this to be possible the machine

must correctly match vast amounts of feature information between frames or per-

form complex probabilistic calculus. Moreover, this process should be repeated

throughout all frames in a video, despite variations, such as di�erences in the

appearance and pose of a person, occlusions and other tracking problems which

will be addressed in the next sections. In summary, the task of object tracking in

video, which comes naturally to humans, involves a complex pattern recognition

and probability estimation problem for machines.

Deep learning in visual recognition tasks: Regardless of the di�culty of

these tasks, in the past few years, a great amount of progress has been made in

computer vision. Namely, data-driven techniques became more prominent in order

to create e�cient algorithms to analyze the content of images and videos. Specif-

ically, supervised deep learning methods achieved promising results in image and

video analysis tasks, such as image classi�cation (Krizhevsky, Sutskever, & Hinton,

2012; LeCun et al., 1989; Simonyan & Zisserman, 2014; Szegedy, Liu, et al., 2015;

He, Zhang, Ren, & Sun, 2016) and object detection (Girshick, Donahue, Darrell,

& Malik, 2014; Girshick, 2015; Redmon, Divvala, Girshick, & Farhadi, 2016; Liu

et al., 2016; Ren, He, Sun, & Girshick, 2017). More recently, although less com-

mon, deep learning methods also started being employed in object tracking prob-

lems (Gan, Guo, Zhang, & Cho, 2015; Ning et al., 2017; Milan, Rezato�ghi, Dick,

Reid, & Schindler, 2016; Held, Thrun, & Savarese, 2016; Bertinetto, Valmadre,

Henriques, Vedaldi, & Torr, 2016), which usually follow a tracking-by-detection

framework (Andriyenko, Schindler, & Group, 2011; Choi, 2015). This framework

consists of two steps: applying a detector, and subsequently, a post-processing

step witch involves a tracker to propagate detection scores over time.

1.2 Motivation

Despite the encouraging progress in computer vision of recent years, the problem

of multiple object tracking is still very far behind other visual recognition tasks,

3



Chapter 1. Introduction

as some limitations remain unsolved. For context, due to the advent of deep

learning techniques, the error rate of the image classi�cation task in the ImageNet

Large Scale Visual Recognition Challenge challenge (ILSVRC) (Russakovsky et

al., 2015) is today below 1%2, while in the MOTChallenge (Leal-Taixé, Milan,

Reid, Roth, & Schindler, 2015), for instance on the MOT17 dataset, the current

highest MOTA score is about 54.5%3. This di�erence is due to the high number

of complexities, limitations, and di�culties presented by the problem of multiple

object tracking when compared to other visual recognition tasks. We explore a

few of these challenges below:

• Datsets. The �rst limitation is that supervised methods rely on large

amounts of annotated training data in order to be able to generalize to pre-

viously unseen data. The recent deep learning methods proposed for visual

tasks (Krizhevsky et al., 2012) partially own their success to the existence

huge datasets such as the Pascal dataset (Everingham et al., 2014), the Im-

ageNet dataset (Russakovsky et al., 2015) or the COCO �Common Objects

in Context� dataset (Lin et al., 2014). Similary data-driven approaches to

object tracking also rely on popular tracking datasets such as the Visual Ob-

ject Tracking dataset (Kristan et al., 2017) or the Multiple Object Tracking

dataset (Milan, Leal-Taixe, Reid, Roth, & Schindler, 2016).

As so, in order to take advantage of the potential of deep learning and use

it in order to implement a tracking system, there has to be a great amount

and variety of labeled data. However, the available datasets are not always

suitable for all problems and scenarios. If the problem speci�cation has

di�erent con�gurations from the available datasets �for instance, di�erent

perspectives, di�erent camera con�gurations, the need to have image data

captured from multiple cameras simultaneously� then the need to create data

is apparent, and creating data is a very slow and labor-intensive process.

2http://image-net.org/challenges/LSVRC/2016/results
3https://motchallenge.net/results/MOT17/?chl=10&orderBy=MOTA&orderStyle=

ASC&det=Public
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• Di�erences in appearance and pose. Some trackers heavily rely on ap-

pearance models in order to associate detections between frames (Wojke,

Bewley, & Paulus, 2018). These types of trackers create an internal feature

vector for each target, and if the appearance changes drastically between

frames, so will the feature vectors, which can lead to wrongly associated de-

tections and consequentially, identity switches. Many factors can contribute

to the change in the appearance of a target from one frame to another,

which include variations in lighting, motion blur and scale variations, such

as rotation, deformation, and transformation of the targets.

• Fast target movement. Many trackers assume a prior motion model of

some sort. For instance, the visual tracker codenamed GOTURN (Held et

al., 2016) assumes that the objects do not move too fast from frame to

frame. This tracker employs a frame cropping system in order to �nd the

object from the frame at time t in the frame at time t + 1. Speci�cally the

bounding box of the object at time t is centered on the same point in the

frame at time t + 1 and re-scaled by a k factor. The resulting bounding box

constitutes the search area where the tracker will be looking for the previous

object. If the object moves too quickly, it may not be present in the search

area, and thus, the tracker will not be able to locate it. Therefore, the FPS

rate of the �nal system should be a compromise between the speed at which

objects move, which should be low enough to guarantee that the objects do

not move too fast from frame to frame, and the time taken to process frames,

since with a higher frame rate more frames have to be processed, which can

be costly for a multiple object tracking real-time system.

• Partial/total occlusions. In a video sequence, one tracked object may

fall behind another object, or leave the �eld of view completely. Intuitively,

if the object is not present at the frame the tracker will not be able to

localize it. Humans are able to track a target through a video, have that

target disappear for a few frames, and recognize the same target when it

reapers. We do this by recognizing that the appearance and location of the

new object are similar to the previous object, and thus are able to associate
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both as being the same object. The same applies to computers: this can

be solved with, for instance, an appearance model (Wojke & Bewley, 2018),

which can recognize that both objects are similar through feature vectors,

or simple heuristics, e.g., if one object disappears from the �eld of view,

and after a few frames a very similar object reapers in a position spatially

close to the one where the previous object disappeared, then both objects

are probably the same object. Additionally, the occlusion rate increases in

scenarios in which the environment is very cluttered. A situation in which

two, or more targets are very close together may create a problem for the

tracker since one may occlude the other or the bounding boxes enclosing the

objects have a high overlap, and thus, features are very similar, which may

easily lead to identity switches.

• Tracker drifts. Track recovery in case of drift from the object of interest is

essential for applications in which the object identi�ers matter and identity

switches are undesirable. A good algorithm should strive to minimize this

drift in order to maintain accuracy over time.

• Maintaining and ending a track. One question that arises when per-

forming object tracking is how to know when the track of a target is �nished.

If the tracker fails to detect a target in the current frame, does it mean that

the target really left, or is it simply due to occlusion or detection failures? As

objects cannot teleport themselves, the tracker should be able to determine

that if a target disappears while at the center of the �eld of view it should be

an occlusion, and be prepared for the target to reappear in the next frames.

Similarly, if a target fails to be detected next to an entrance or exit, the

tracker should assume that the target left the �eld of view. However, this

creates other challenging questions, for instance, for how many frames should

the tracker wait for an object to reappear? If this number is too high, the

risk of identity switches is greater, if is too low, multiple identities can be

assigned to the same object.
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• Multi Camera Tracking. In a scenario with multiple overlapping cameras,

the problem is how to know that the object in one frame from taken by one

camera is the same object as in another frame taken by another camera. Note

that frames should also be synchronized by timestamp: the multiple cameras

feed should be aligned through time for the processing to be done correctly.

The synchronization presents another challenge for a real-time application,

as feeds are susceptible to su�ering from network delays, and it is remarkably

non-trivial to get a timestamp from an RTSP stream. Another consideration

that arises is how should geo-referencing be done between frames of di�erent

cameras, and should it be done at all. One approach to avoid geo-referencing

of frames completely is to use a high performing appearance model, in or-

der to directly compare objects between di�erent cameras. However, this

approach is also costly since it comes with other challenges, such as build-

ing an appearance dataset and �nding a model that is able to learn from

top-view �sh-eye like image data.

If these limitations are surpassed, the practical applications of a system able to

track multiple objects through multiple cameras would be countless. For instance,

smart-surveillance systems, that allow locating every person in any area at each

instant in time could be used and deployed in numerous �elds �from smart visual

security surveillance systems to retail applications, as already is being done by

Amazon Go 4. As so, the short-term motivation for the present work is to ex-

plore the current state-of-the-art of multiple object tracking and attempt to build

a multiple-camera, top-view tracker prototype that is able to respond to these

limitations. Speci�cally, we focus on surveillance systems, and how objects can

reliably be tracked as they move through a space from top-view security footage.

As the present work is ongoing and will continue on beyond this dissertation, for

the long-term motivation, we would like to perfect a system that is deployable in

a real-world scenario, and employs solely computer vision techniques, building up

towards intelligent visual systems.

4https://www.amazon.com/b?ie=UTF8&node=16008589011
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1.3 Objectives

The present work tackles surveillance video analysis, speci�cally the problem of

multiple person tracking from top view footage generated by multiple cameras.

The main objective is to develop, implement and evaluate a state-of-the-art mul-

tiple person tracking prototype able to track people from top-view cameras in real

time, using solely computer vision techniques. Additionally, since to the best of

our knowledge, there is currently no existing multiple camera, top-view multiple

object tracking dataset available for research, the following goal is the construc-

tion of these datasets that support the tracking algorithms. Therefore, one of

the additional challenges of the present work is to build a fully labeled top-view

multi-camera dataset. This is a challenge as it is an extremely labor intensive

and di�cult process, not only because the �nal datasets should be large in size,

but also because they should be varied and clean. Additionally, challenging and

ambiguous cases should be treated according to a standard in order to avoid noisy

data (e.g., if there is a leg in the frame should it be considered a person? or should

there be a class "leg"?) and we need to ensure that the data is balanced, i.e, too

many examples of one class, and too few of another.

Finally, since we will be working with our own custom data, the next goal is to �nd

a way in which the used algorithms can successfully be evaluated �as we have no

benchmark. For this objective, we will need to generate evaluation sequences and

evaluate di�erent types of trackers on these sequences, in order to understand how

di�erent algorithms behave, and what methods work best on this kind of data. In

summary, the main objectives are the following:

1. Study the current multiple object tracking state-of-the-art and understand

what are the currently existing solutions: speci�cally, we want to explore dif-

ferent object tracking algorithms and understand which types of algorithms

work better for our speci�c scenario.

2. Additionally, we want to explore how deep learning techniques, which have

had success in other visual recognition tasks, are being applied to multiple
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object tracking, and establish whether it is feasible to employ deep learning

in our scenario;

3. Based on the research of the previous objective, we want to implement a

multiple camera, multiple object detection and tracking prototype. For this

objective, we would like to test multiple tracking algorithms, and combine

classical solutions with more recent methods;

4. As most algorithms are data-driven, an additional necessity, which therefore

becomes an objective, is to build top-view datasets, suitable for the di�erent

types of models that are employed;

5. Since we are using custom data, and no benchmark is available, we need to

evaluate the algorithms and �nd ways to compare them in order to decide

which work best;

1.4 Outline

In Chapter 2 we provide the basic supporting concepts related with deep learn-

ing needed to better understand how these algorithms may be applied to object

tracking problems, and how we can utilize them in our scenario. We provide some

mathematical background, including optimization and backpropagation. Addi-

tionally, we discuss the most prominent visual recognition tasks, the advances

that took place in the past few years in this �eld, and the most frequently used

deep learning architectures for visual recognition problems.

In Chapter 3 we focus on the state-of-the-art which supports the more speci�c

object tracking problem. We review observation modeling algorithms, including

motion models and appearance models, as well as di�erent trackers. We explore

more classical tracking variants, such as probabilistic methods, and data associa-

tion methods, as well as more recent deep learning architectures aimed at object

tracking. We explore both Visual Object Tracking (VOT) and Multiple Object

Tracking (MOT) techniques.
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As our �nal goal of real-time multiple camera, multiple person tracking is a com-

plex task, we split this task into two main stages: single camera, multiple person

tracking, and multiple camera, multiple person tracking. In Chapter 4 we de-

velop and present the proposed architecture for the single camera, multiple person

tracking system. In Chapter 5 we discuss how we scaled the single camera track-

ing system to multiple cameras and present the proposed architecture for the �nal

system.

In Chapter 6 we present the system evaluation, in which we evaluate the used

detectors, trackers and appearance models. We present and analyze the results.

Additionally, as we have not found a dataset suitable for our speci�c problem, we

describe how we build our own datasets, which we used in the present work to

train and evaluate the algorithms. Additionally, we discuss the process of building

these datasets from scratch, and what consideration went into it.

Finally in Chapter 7, we reason about what was achieved by the present work

so far, and identify which are the remaining future challenges.
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Deep Learning Supporting Concepts

In recent years, deep neural networks (DNNs) (Krizhevsky et al., 2012; LeCun,

Bottou, Bengio, & Ha�ner, 1998) have had great success in the �eld of computer

vision and are today the state-of-the-art for tasks such as image classi�cation,

object localization, and object detection. This chapter gives a basic overview of

deep learning techniques, addressing the basic technical background necessary in

order to better understand how we can build upon these concepts and create more

complex tracking algorithms. We start with a brief introduction to Deep Neural

Networks (DNNs), address what types of DNNs currently exist and how they are

used in practice, and end with an overview of what DNNs are able to achieve in

the context of visual recognition tasks, by presenting some of the most relevant

results today. For more in-depth and thorough introductions we recommend the

work in (Nielsen, 2015; Goodfellow, Bengio, & Courville, 2016).

2.1 Deep Neural Networks (DNNs)

A DNN is a machine learning algorithm and a type of Arti�cial Neural Network

(ANN). The most basic type of DNN is a fully-connected vanilla feed-forward neu-

ral network. Internally, each of these networks is composed by layers of neurons,

stacked on top of each other, where the output of each of neuron in each layer is
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the input to the following layer (Figure 2.1). The term deep learning arises from

having multiple of these layers in one network.

Figure 2.1: Fully connected vannila feed-forward neural network (Retrived from
(Nielsen, 2015).

These algorithms allow representing complex concepts and the relationships be-

tween them out of simple features. Each hidden layer produces a higher level

feature representation, more speci�c than in the previous layer (its input). The

main task of a DNN is to �nd the function f ∗ that best describes all training ex-

amples. At a high level, the training process for a DNN consists of making it learn

a representation �features� of the training data so that it is able to generalize to

new data. DNNs are used in di�erent domains: in computer vision features are

constituted by elements such as edges, corners, and contours, and the task is to

map a set of input pixels to a class label (Krizhevsky et al., 2012); in text pro-

cessing features may be concepts attached to words and phrases, and the purpose

may be to map phrases to meanings and emotions (sentiment analysis) (Socher,

Perelygin, & Wu, 2013).
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2.1.1 Overview

The goal of a neural network is to learn the optimal mapping function f ∗ between a

set of inputs x ∈ X and a set of outputs y ∈ Y , from a dataset of training examples

{(x1, y1), ..., (xn, yn)} which follows some probability distribution P . The goal is to

�nd the function f ∗ that best describes the training examples and can produce the

mapping y = f(x, θ) from an input x to an output y with learned parameters θ .

The optimization problem is to learn the function f ∗ that minimizes the expected

loss function, L(f(x), y) over the data of distribution P . The loss function allows

the model to quantify the discrepancy between the predicted value f(xi) = ŷi and

the true label yi, and at each iteration, the neural network will try to correct that

error by slightly tweaking its parameters θ. Since not all data points of P are

known, the loss approximation is averaged across all available training examples.

Once we learn f ∗, the original training data is discarded and f ∗ is employed to map

previously unseen inputs (x, y) ∈ P and predict its labels/values. In other words,

the network will try to �nd the function f(θ)∗ that approximates the following

equation:

θ∗ ≈ argmin
θ

1

n

n∑
i=1

L(f(xi; θ), yi) (2.1)

2.1.2 Forward pass

In a vanilla feed-forward neural network, each neuron in one layer connects to

each neuron in the following layer, i.e, the output of every neuron is input to the

neurons of the next layer. Every connection has a weight, w, associated with it,

which states how much the input is important to the output, and every layer has

a bias b. The weights and biases de�ne the parameters θ to function f that the

network will learn during its training. At each iteration, each neuron will compute

its output based on the weights of the connections, the output of the previous

layer, and the bias as depicted in Figure 2.2. The information �ows forward from

the input nodes, through the hidden layers, and to the output nodes. This process
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of propagating information forward through the network is typically called the

forward-pass.

Figure 2.2: Computations performed by one single neuron. The output of each
neuron is the activation function which takes the weighted sum of the product of
all the weights connecting the neuron to the previous layer by the outputs of the
previous layer as an input. The activation value can be seen as the degree to which
the neuron responds to its input.

The activation function serves as a non-linearity so that, �rstly, the output of

a network does not remain a linear function of its input, and secondly, so that

the outputs are squashed between a range of pre-de�ned values, so these are not

exclusively large or small. Historically, the sigmoid non-linearity was widely used,

which squashes its input to a value between 0 and 1, and therefore provides a

good interpretation as the rate at which the neuron responds to its input. Today,

there is a wide range of non-linearities to choose from. The ReLU activation

function (Jarrett, Kavukcuoglu, Ranzato, & LeCun, 2009; Nair & Hinton, 2010)

is one of the most popular and the default for most feed-forward neural networks.

At the end of each feed forward-pass, a loss �or cost� function is used in order to

quantify the consistency of the expected output with the output of the network.

These functions measure the discrepancy between the outputs of the model and

the training data labels. Common choices include the quadratic loss function �or

MSE (mean squared error)�, or the negative log-likelihood �or cross-entropy loss.
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2.1.3 Regularization

The problem of over�tting happens when a model is able to perform well for the

training data but fail to produce good results for new situations, therefore fail to

generalize to new data. The whole purpose of supervised machine learning is to

create models that are able to achieve good results in situations they have not

seen before, and as so, a good model is not necessarily a model which will produce

good results for the training data. For that reason, test and validation sets are

used in order to measure the performance of a model. And for the same reason,

regularization techniques are also commonly used. These allow preventing that

the model only learns the training data and improve generalization performance.

When training deep neural networks, regularization is any modi�cation made to

the model in order to allow it to reduce its generalization error but not the training

error (Goodfellow et al., 2016). Without regularization techniques, the task of the

model will be to essentially �t the training data the best possible, which in turn

will create a very �uctuating line that perfectly �ts to all the data points. This will

be especially problematic if the dataset is small in size, or if the model has a large

number of parameters. Common choices of regularization include, introducing an

additional term in the loss function, L2 regularization, arti�cially augmenting the

dataset by generating fake data, early stopping, or Dropout (Hinton, Srivastava,

Krizhevsky, Sutskever, & Salakhutdinov, 2012).

2.1.4 Optimization

In the previous sections, we have seen the goal of a network is to �nd parameters θ

that minimize the loss function. The notion of derivative is useful in this context

since the derivative of a function at one point is the slope of that function at that

point. In other words, it tells us how the input can be changed in order to make

a small change in the output. We do so by using the gradient of the loss function

∇θL, which constitutes the vector of partial derivatives that measure the change, or

slope, in L as the each of the dimensions of θ change. Since the gradient represents
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the direction in which the function increases, the negative gradient points to the

direction in which the function decreases, and as so this vector is used to search

for the direction in which L decreases the fastest, and, the parameters θ can be

adjusted by adding a small part of the negative gradient direction. In other words,

the loss function can be minimized by iteratively taking small steps in the direction

of the negative gradient �this algorithm is called Gradient Descent (GD). As

so, for a batch of n training examples we estimate the following gradient:

∇θg(θ) ≈ ∇θ

[
1

n

n∑
i=1

L (fθ (xi) , yi) +R (fθ)

]
, (2.2)

where R(f(θ) is a regularization parameter. Once we have the gradients, we

estimate the update direction:

∆θ := −ε∇θg(θ), (2.3)

where ε is a small positive number known as the step size or learning rate.

Finally, we update the gradient using:

θ := θ + ∆θ. (2.4)

The learning rate determines how large is each step size in the negative direction

of the gradient, or in other words, how much the parameters will be adjusted with

respect to the loss gradient in each iteration. The choice of learning rate is im-

portant since if this value is too low, convergence will be very slow �as we will be

taking very small steps�, and if it is too high, the algorithm may overshoot the

minimum and diverge (Bengio, 2012). In practice, a good strategy is, for instance,

to choose the largest learning rate possible that does not cause the gradient to

diverge, observe the training, and if GD diverges start over with a learning rate

3 times smaller (Bengio, 2012). Another example is to start with a learning rate

that does not cause the gradient to diverge, and as training progresses, gradually

decay this parameter in order to avoid overshooting the minimum (Welling, 2011).
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Note that applying GD to the entire training dataset is computationally expensive

since datasets tend to be very large in size. Therefore, in practice, Stochastic

Gradient Descent (SGD) (Bottou, 2010) algorithm is used, which uses mini-

batches of data (usually about 100 examples) randomly sampled from the training

set at each iteration. Iteratively, for each minibatch, it evaluates the loss and the

gradient and computes the parameter update, and it performs these steps over

and over until convergence. Note that the estimate of the gradient over the en-

tire training tends to be noisy since the algorithm uses only a few examples at a

time, where GD is smoother since it uses the entire training set. Moreover, SGD

tends to have slow convergence, and in practice, di�erent methods of optimiza-

tion are used to accelerate the process. One of these methods is the Momentum

update (Polyak, 1964), which, tends to be used with SGD. This method intro-

duces a velocity parameter v which smooths out the oscillations steps of SGD by

combining previous gradients with opposite signs. Speci�cally, it works by using

the gradient to update a velocity parameter instead of the position, by accumu-

lating the exponentially weighted sum of all the previous gradients to update the

weights, given by v = αv+∇θg(θ), where α is a control parameter used to regulate

how much previous gradients impact the current gradient. The v value is after-

wards used to control the direction of the current step with θ = θ − εv. In most

cases, the Momentum algorithm is, therefore, able to achieve faster convergence

and mitigate some of the problems related to the learning rate, by introducing a

new parameter v. However, for other cases, it is somewhat ine�ective to a global

learning rate for every weight, since di�erent layers may have di�erent gradient

magnitudes. Therefore, new optimization algorithms were proposed that are able

to achieve good results by using adaptive learning rates - di�erent step sizes for

di�erent parameters. These include methods such as AdaGrad (Duchi, Hazan, &

Singer, 2011), RMSProp (Hinton, Srivastava, & Swersky, 2012) or Adam (Kingma

& Ba, 2014).
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2.1.5 Backpropagation

In the previous section we have seen that in order to minimize the loss function, L,

its gradient is evaluated at each iteration. This evaluation is performed to obtain

the rate of change of each of the parameters θ so that they can be updated in

order to achieve a minimum loss. These gradients are computed with the back-

propagation (Rumelhart, Hinton, & Williams, 1986) algorithm. This algorithm

tells us how to quickly compute the gradients of the loss function with respect to

every parameter (weight and bias) �how to �nd the value of ∇θg(θ). These values

are needed as all the hidden nodes contribute to the loss value to some degree,

and so, in order to get the individual contributions of each node, the loss value

is sent backward through the network, from output to input, so that the individ-

ual gradients can be computed. Simply put, backpropagation represents how the

gradient of the loss �ows backward through the network.

Backpropagation relies on chain rule of calculus, which is recursively applied to

calculate the gradient of the composite functions. As as example, if we have a

function f = (3a + 1) × 3 and want the derivative of f with respect to a, ∂f
∂a
,

then chain rule can be used. Firstly, note that f can be seen as a sequence of

intermediate variables dependent of each other, x = 3a, y = x+ 1 and f = y × 3.

Chain rule tells us that the derivative of f with respect to a is given by: ∂f
∂a

=

∂f
∂y

∂y
∂x

∂x
∂a
. The same can be applied to any other composite function: by multiplying

the derivatives of intermediate functions the result will be the derivative of the

output with respect to the input.

Similarly, if a neural network is considered a sequence of functions that transform

intermediate variables until a loss value is produced, then chain rule can be used

to understand the e�ect of each of the parameters θ (weights and biases) on the

loss function and then apply SGD so that the network learns better parameters

at each iteration, producing smaller and smaller losses until convergence. Two

examples of the application of backpropagation in a neural network are described

in Figure 2.3. Note that in practice, for e�ciency reasons, both the forward pass

and the backward pass are performed in the form if matrix or tensor multiplication.
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(a)

(b)

Figure 2.3: (a) Backpropagation in a network with only one node per layer. (b)
Backpropagation in a network with multiple neurons per layer. During the for-
ward pass, the input is propagated forwards and activations of each neuron are
computed: a0 to an. Eventually, the network produces an output, y, which is then
compared to the expected output in order to compute the loss value, L. Following
that, in order to �nd the individual contributions of all the activations �the gra-
dient of the loss with respect to each individual activation� the loss value is sent
backward through the network, and at each node, the gradient of the loss with
respect to each activation is computed. By chain rule, this simply consists of re-
cursively multiplying the local gradient at each node, by the value of the gradient
produced in the previous layer. Note that, for e�ciency reasons, the local gradient
at each node can be computed at the forward pass as this value is known straight
away. As so, the only task the network should perform during the backward pass
is to multiply these values in order to get the �nal contributions.

The vector of partial derivatives of a node is simply a Jacobian matrix (LeCun et

al., 2015) � a matrix that contains all the partial derivatives describing how one

layer depends on the previous. As so, Backpropagation can be interpreted as the

Jacobian-gradient product of all the nodes in the network.
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2.2 DNN Types

Although the previous sections focused on the most basic type of DNN �vanilla

neural networks�, today there are many di�erent types of DNNs. This section

covers some of the most prominent architectures.

Convolutional Neural Networks (CNNs or ConvNets) (LeCun et al., 1989;

Krizhevsky et al., 2012): This is the most popular type of DNN as it is the

current standard for image processing and visual recognition techniques. The

main di�erence from deep feedforward neural networks to CNNs is that the latter

operate over volumes, by taking volumes of activations as inputs and producing

volumes of activations as outputs, making the intermediates volumes with spacial

dimensions of width, height and depth, and not vectors as in DFFs. The three

main operations in this type of network are convolutions, pooling, and activation.

The core building block of a CNN is a convolutional layer, which operates by

performing convolutions of the input volume with di�erent �lters, usually smaller

spatially, by sliding the �lter through all spatial locations of the volume. This

convolution will produce an activation map of responses of the used �lters �the

depth of the activation map will depend on the number of used �lters. As the

network gets deeper, the features in the activation maps will become more speci�c.

It is also common to use pooling layer in between convolutional layers in order

to avoid over�tting. These layers reduce the dimensionality of the feature maps

by with �xed transformations, and e�ectively reduce noise and save the most

important information.

Recurrent Neural Networks (RNNs): The main idea with RNNs (Elman,

1990) is that they are able to process and produce sequential information, operate

over variable sized inputs and learn dependencies between training examples, in

contrast to CNNs where all training examples are fully independent. This is possi-

ble as RNNs have an inner hidden state, which is created by feedback connections

and updated at every time step as a function of the current input and the previous

state. These can be used to predict the next output based on all previous inputs

and states, which has proved useful in di�erent domain tasks such as:
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Figure 2.4: CNN model: architecture of the AlexNet model (retrieved
from (Krizhevsky et al., 2012)). In an image classi�cation problem, in order to
get the �nal classi�cation, one approach is to attach fully-connected layers and a
�nal soft-max layer at the end of the network, which will produce, for each input,
the probability distribution over all classes (Krizhevsky et al., 2012).

• Machine translation, where the input is a sentence of words in one language

and the output is a set of words in another language (B. Zhang, Xiong, Su,

& Duan, 2017);

• Video classi�cation, where the task is to classify every frame in a video (Yue-

Hei Ng, Joe and Hausknecht, Matthew and Vijayanarasimhan, Sudheendra

and Vinyals, Oriol and Monga, Rajat and Toderici, 2015);

• Image captioning, where the main task is to take an input image and generate

describing sequences of words. The work in (Karpathy & Fei-Fei, 2017) used

two connected models: the �rst was a CNN, which did the processing of the

input images and generated features, and the second was an RNN generative

model, which received the features produced by the CNN as input (it was

conditioned by the output of the CNN) and was responsible for generating

descriptions for those features.

Long-Short Term Memory Networks (LSTMs): LSTMs (Hochreiter & Ur-

gen Schmidhuber, 1997) are a speci�c more complex type of RNNs, which allow

a better gradient �ow through the network, thus making the training more e�-

cient. This improvement in e�ciency is achieved by not completely transforming

the hidden state vector from time step to time step, but rather change the cell by
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Figure 2.5: RNN model: on the left the representation of the unfolded computa-
tional graph, each input node corresponds to a time step. On the right the same
graph, the black square represents one time step delay (retrieved from (Goodfellow
et al., 2016)).

additive interaction, i.e. additively changing the cell state instead of completely

transforming it. These models have been successfully applied in di�erent domains,

such as speech recognition (Graves, Mohamed, & Hinton, 2013) and handwriting

generation (Graves, 2013);

2.3 DNNs in Visual Recognition Problems

In the last few sections, we have seen how a neural network operates and what

types of networks exist. The present section covers how these networks are used

in practice and what they can achieve in visual recognition problem. It also covers

the basic problems in computer vision such as image classi�cation and object

detection, and what are the current standards to solve them.

2.3.1 Image Classi�cation

The goal of image classi�cation is to assign a class label to an input image from

a �xed number of classes. The outputs are the objects present in that image

in descending order of con�dence �score. The deep learning approaches to image

classi�cation can be traced back to 1989 with LeNet-5 (LeCun et al., 1998), a CNN

that forms the base of many of the more recent architectures. However, in the 1980s

due to the unexistence of the resources we have today, such as large training sets

(e.g., ImageNet (Jia Deng et al., 2009)), good GPU implementations, distributed
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Model top-5 test error

AlexNet (ILSVRC 2012) (Krizhevsky et al., 2012) 15.3%
ZFNet (ILSVRC 2013) (Zeiler & Fergus, 2013) 11.7%

VGG (ILSVRC 2014) (Simonyan & Zisserman, 2014) 7.3%
GoogLeNet (ILSVRC 2014) (Szegedy, Liu, et al., 2015) 6.7%

ResNet (ILSVRC 2015) (He et al., 2016) 3.6%
Inception-v3 (Szegedy, Vanhoucke, Io�e, Shlens, & Wojna, 2015) 3.58%

Table 2.1: Evolution of the classi�cation top-5 test error rate.

clusters able to train large models (Dean et al., 2012), good initialization strategies,

good regularization strategies (Hinton, Srivastava, Krizhevsky, et al., 2012) or

normalization strategies (Io�e & Szegedy, 2015) lead to few advancements in this

�eld in the �owing years.

In 2012, when Krizhevsky famously won the ImageNet Large Scale Visual Recog-

nition Challenge (ILSVRC) with a CNN codenamed AlexNet (Krizhevsky et al.,

2012) the interest in this �eld was restored. AlexNet was able to achieve a top-

5 classi�cation test error rate of 15.3% and win by a big margin compared to

26.2% achieved by the second-best entry. In ILSVRC, the measure of error for

the classi�cation task is captured by the top-5 test error rate, which is a percent-

age that states that the correct label is among the top 5 classes predicted by the

model for every example except that percentage. After 2012, ILSVRC has consis-

tently been won by deep convolutional networks. AlexNet was followed by other

architectures, which consistently lowered the top-5 classi�cation test error rate

(Table 2.1). These CNNs usually follow the same structure rules: convolutional

layers, optionally followed by max-polling or normalization. Some examples are:

ZFNet (Zeiler & Fergus, 2013), which build on top of the architectures speci�ed

in (Krizhevsky et al., 2012) and (LeCun et al., 1989) and improved these models,

using smaller receptive windows and smaller stride in the �rst convolutional layer,

achieving an 11.7% top-5 classi�cation test error which led to the win of the

ILSVRC 2013. This architecture also focused on feature visualization and on

mapping the feature activity in intermediate layers of the network back to the input
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Figure 2.6: Inception module (Szegedy, Liu, et al., 2015). These modules are
constituted by sub-modules which perform multiple convolution and max-pooling
operations concurrently.

pixel space using Deconvolutional Networks, �rst introduced in (Zeiler, Krishnan,

Taylor, & Fergus, 2010).

VGGNet (Simonyan & Zisserman, 2014) adjusted two parameters: the number

of convolutional layers was increased and the size of the convolution �lter was

decreased to 3 × 3 in all layers. As a result, this CNN achieved state-of-the-art

accuracy in the localization and classi�cation challenges from ILSVRC 2014 with

a top-5 test error rate of, respectively 25.3% and 7.3% which secured �rst and

second place in those tasks.

GoogLeNet (Szegedy, Liu, et al., 2015), introduced in 2014, is the �rst iter-

ation of the Inception architecture (Szegedy, Io�e, Vanhoucke, & Alemi, 2016).

By using 12× fewer parameters than the model described in (Krizhevsky et al.,

2012) and introducing the inception modules (Figure 2.6) this model achieved

state-of-the-art results in the classi�cation task in the ILSVRC 2014. Instead of

convolutional layers, this model uses inception layers, composed by modules which

perform multiple convolution and max-pooling operations in parallel and concate-

nate the resulting feature maps before the next layer. These layers constituted a

22-layer deep model which achieved a classi�cation top-5 test error rate of 6.7%.
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ResNet (He et al., 2016) is a 152 layer deep CNN introduced in 2015 by Microsoft

which won �rst place in all �ve tasks in ILSVRC 2015. The focus of this architec-

ture was to deal with the di�culties of training very deep convolutional networks

such as the degradation problem, which states that when the depth of the net-

work increases the accuracy gets saturated (He, 2015). In other words, after a

certain depth, adding extra layers results in higher training error and higher vali-

dation error even when batch normalization (Io�e & Szegedy, 2015) is used, which

normalizes the output of each hidden layer. To deal with this problem, ResNets

employ residual blocks which force the network to learn an identity mapping, by

learning the residual of input and output of some layers (Figure 2.7), resulting in

better gradient �ows in the backward pass, similarly to what happens in LSTM

models.

Figure 2.7: Residual block (He et al., 2016). These blocks force the network to
learn network to learn an identity mapping, resulting in better gradient �ow.

The most recent, best-performing models to solve the image classi�cation problem

are Inception (Szegedy, Liu, et al., 2015) and ResNet (He et al., 2016) architectures.

Since they were �rst introduced, these architectures have been improved upon, and

these improvements can be found in models such as Inception-v2 and Inception-

v3 (Szegedy, Vanhoucke, et al., 2015), Inception-v4 and Inception-ResNet (Szegedy

et al., 2016) which is a combination of Inception modules (Figure 2.6) present in

the Inception architectures and residual blocks present in the ResNet architectures

(Figure 2.7). Other recent models include Mobilenets (Howard et al., 2017), which

are designed for mobile and embedded vision applications, FraccalNets (Larsson,

Maire, & Shakhnarovich, 2016), which state that residual representations may

not be necessary and that the key to training a good classi�er is transitioning
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e�ciently from shallow to deep architectures, DenseNets (G. Huang, Liu, Wein-

berger, & van der Maaten, 2017) which connect every layer to every other layer

and CapsueNets (Hinton, Sabour, & Frosst, 2017) which try to preserve spatial

hierarchies between simple and complex objects by taking into account the relative

orientation of objects parts in an image.

2.3.2 Object Detection

In an object detection problem, given an input image and a set of classes, the

goal is to �nd all instances of those classes (variable length output) and produce

bounding boxes around all objects of interest. Over the years there have been

many di�erent approaches to detection and not all of them using deep learning

models. In this section, we describe the most prominent approaches to solve object

detection.

2.3.2.1 Classical Approaches

The classical approaches frequently make use of linear classi�ers, such as Support

Vector Machines (SVMs), on top of feature descriptors such as Scale Invariant

Feature Transform (SIFT) (Lowe, 2004) and Histograms of Oriented Gradients

(HOG) (Dalal & Triggs, 2005) with exhaustive searches, usually dense sliding

window approaches. These types of approaches work well for images with obvi-

ous contours such as pedestrians, however, they tend to have worse performance

when the objects of interest are more deformable. The part-based object detec-

tion method in (Felzenszwalb, Girshick, Mcallester, & Ramanan, 2009) �xed this

problem by combining HOG features with Deformable Part Models (DPMs) and

achieved state-of-the-art results on benchmarks such as (Everingham et al., 2014).
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Figure 2.8: Faster R-CNN architecture (Ren et al., 2017). This architecture is
composed of two main modules: a CNN which proposes the initial regions, and a
Fast-RCNN detector which generates the �nal detection predictions.

2.3.2.2 Region Proposal Approaches

Many of the modern detection algorithms rely on a sliding window approach

to hypothesize bounding box locations and then evaluate a classi�er on these

boxes. The brute force sliding window framework is, however, computationally

expensive due to the need to run the algorithm on every possible location and

scale. To solve this, several methods to generate region proposals were proposed

(e.g., edge boxes (Zitnick & Dollár, 2014)). One of the most popular is Selective

Search (Uijlings, Van De Sande, Gevers, & Smeulders, 2013) which uses segmenta-

tion techniques to predict object locations and generate region proposals instead

of a blind exhaustive search. These region proposal methods are used by popu-

lar region-based convolutional neural networks object detection models (R-CNN)

such as R-CNN (Girshick et al., 2014), Fast R-CNN (Girshick, 2015) and Faster

R-CNN (Ren et al., 2017) [Figure 2.8].

2.3.2.3 Single CNN Approaches

Although region proposal approaches work well, they tend to be slower in speed

when compared to other approaches (J. Huang et al., 2017) due to the region

proposal step, which takes up much of the total running time. To overcome this
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speed limitation, a new set of models based on a single feed-forward convolutional

network emerged such as You Only Look Once (YOLO) (Redmon et al., 2016)

and Single Shot MultiBox Detector (SSD) (Liu et al., 2016)(Figure 2.9). The key

idea is that each of the last few layers of the network is responsible for predictions

of progressively smaller bounding boxes, and the �nal prediction is the union of

all these predictions. These models eliminate the region proposal step altogether

and are able to achieve a good improvement in speed. In contrast to Faster R-

CNN, which runs at 7 frames per second (FPS) with 73.2% mean average precision

(mAP), SSD operates at 59 FPS with 74.3% mAP (Liu et al., 2016).

Figure 2.9: Comparisson between SSD (Liu et al., 2016) vs YOLO (Redmon et
al., 2016) architectures. In the SSD model, each of the last layers in the network is
responsible for smaller predictions with di�erent scales and aspect ratios. The �nal
bounding box prediction is the union of all these predictions. Retrieved from (Liu
et al., 2016).

2.3.2.4 Detection Accuracy vs Speed Trade-of

The work in (J. Huang et al., 2017) performed an extensive analysis on the trade-

o� between speed and accuracy in three main deep learning detection architectures

(called meta-architectures in this work): Faster R-CNN, R-FCN, and SSD models.

Furthermore, for each meta-architecture, the authors alternate between di�erent
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Figure 2.10: Accuracy vs time of di�erent network con�gurations (Retrived from
(J. Huang et al., 2017).

feature extractors and network parameters. This work shows that SSD and R-

FCN models tend to be faster while Faster-RCNN is usually slower but more

accurate, as represented in Figure 2.10. From this Figure, we can also observe

that the most accurate of the If we add the true positives and the false positives

we get all the computed detections; e fastest models are SSD with Inception-v2

or MobileNet feature extractors. Even though Faster-RCNN models tend to be

slower, the authors note that if the number of proposals is lower (50 instead of 300

as in the original Faster R-CNN paper (Ren et al., 2017)), a signi�cant speedup

in inference can be achieved, making this model very close to the fastest models

without sacri�cing much accuracy. The authors also note that feature extractors

have a strong impact on detection accuracy in Faster R-CNN and R-FCN models:

ResNet and Inception-ResNet are the best defaults for these meta-architectures,

while for SSD meta-architectures these are still the best but the e�ect is less visible.
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Related Work

Currently, there are two main �elds of research in object tracking: Visual Object

Tracking (VOT) and Multiple Object Tracking (MOT). In the VOT context, the

goal is to track one single object of interest through a set of video frames, and as so,

the main purpose is to discriminate the tracked object from the background. This

presents challenges such as variations in appearance, illumination or scale. The

tasks in Multiple Object Tracking (MOT), as the name suggests, are to detect and

maintain multiple object identities through a set of video frames, which presents

additional challenges: detection failures, interaction between objects, higher oc-

clusion rates, and similarity in the appearance of di�erent objects can all lead

to identity switches and fragmented trajectories. This chapter reviews relevant

solutions to tackle both VOT and MOT problems. We consider VOT methods

as they form the base for more challenging MOT problems. Furthermore, despite

the di�erence in de�nition, VOT methods can be scaled to solve MOT problems

by applying the tracker multiple times for each of the objects in the frame. This

chapter presents the relevant state-of-the-art work in this �eld that supports the

present work.
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3.1 Overview

The work in (Fan et al., 2016) splits the task of MOT in two components: obser-

vation model and the tracking process itself. The observation model is composed

of algorithms that extract a set of attributes, proprieties, and features that de-

scribe each of the tracked objects. These features can then be employed to extract

information about the state of the target, and to discriminate between di�erent

targets. On the other hand, the tracking process is responsible for associating each

new observation to the identity of an object. Recently, the paradigm of tracking-

by-detection became a popular approach in order to solve this problem (Okuma,

Taleghani, de Freitas, Little, & Lowe, 2004; Ess, Leibe, Schindler, & Van Gool,

2009; Kuo, Huang, & Nevatia, 2010; Berclaz, Fleuret, Türetken, & Fua, 2011;

Andriyenko et al., 2011). Following this paradigm, �rstly, for each frame, objects

of interest are detected. With the advent of deep learning detection methods,

the detection process is generally addressed using a highly e�cient deep learning

detector. Secondly, those detections have to be linked together with the infor-

mation from previous frames in order to form the trajectory of each object �this

step is generally called the data association step. Here, the challenge is grouping

the detected objects in adjacent frames in order to represent the targets by their

trajectory over all frames. Di�erent techniques can be employed to successfully

execute this step, which are further discussed in the sections below. Additionally,

one important distinction to establish right away is online vs o�ine object track-

ing: online trackers use information originated only from the current frame and

previous frames, in contrast to o�ine trackers, which require detection informa-

tion from past and future frames to solve the data association step. As the present

work has the constraint of tracking in real-time, we focus on online trackers.
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3.2 Observation Model

In the context of object tracking, the goal of an observation model is to extract

attributes from objects that accurately describe those objects, and that can there-

fore be used to di�erentiate one object from another. These attributes include

object appearance, velocity, or location. Two main types of observation mod-

els exist: motion models �also known by dynamic models�, which focus on how

objects move through space, and appearance models, which strive at creating a

feature representation of the objects.

3.2.1 Motion Models

For scenarios in which the type of movement of the target object is known or can

be inferred, it is helpful to use a model to make location estimates more accurate

and reduce search space. This task can be done by motion models: they help

explain the state progression of the target object through time and help predict

possible future states. The simplest and most used example of a motion model

in the context of object tracking is the linear motion model (Sha�que, Mun,

& Haering, 2008; Breitenstein, Reichlin, Leibe, Koller-Meier, & Van Gool, 2009;

Q. Yu & Medioni, 2009) which uses constant velocity and constant acceleration

to impose constraints on the movement of targets. In (Andriyenko et al., 2011;

Milan, Roth, & Schindler, 2014) a constant velocity model is used in order to

predict the velocity of each object, favor straight trajectories, make trajectories

smother and therefore improve tracking accuracy prevent identity switches.

However, the linear model is not suitable for cases in which target objects move in a

more uncertain manner. In these cases, we can use a non-linear motion model.

For instance, in (B. Yang & Nevatia, 2012) a non-linear motion map is learned

online, which is then used in order to explain gaps in tracklets and link fragmented

trajectories, as shown in Figure 3.1. Another example is the work in (Dicle, Camps,

& Sznaier, 2013): here, without any appearance information, tracklets of di�erent
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(a) (b)

Figure 3.1: (a) Linear motion estimation: the connection between tracklets T1
and T2 cannot be explained by a linear motion estimation. (b) Motion estimation
using a non-linear motion map. Using a motion map, this method automatically
learns dynamic non-linear motion patterns, which help explain the non-linear gaps
between tracklets with high con�dence scores. This enables the authors to estimate
high a�nities between tracklets that would have low a�nity following a linear
motion estimation. Using this method, the pattern tracklet T0 helps explain a
non-linear connection between tracklets T1 and T2. (retrieved from (B. Yang &
Nevatia, 2012)).

lengths are associated to form trajectories using motion dynamics information and

the Hankel matrix.

3.2.2 Appearance Models

The purpose of an appearance model is to discriminate between the identities of

di�erent objects by using object color, texture, shape or appearance information.

This information can then be used to compute a�nity between new observations

and previous objects, providing yet another strategy to associate detections to

object identities. Historically, a popular approach to compute such information

is to use color histograms (Bradski, 1998; Okuma et al., 2004; L. Zhang, Li, &

Nevatia, 2008; Mitzel & Leibe, 2011; S. I. Yu, Yang, & Hauptmann, 2013; Riahi

& Bilodeau, 2015) and then employ a distance metric to compare the similarity

between these histograms (Okuma et al., 2004). Additionally, gradient-based fea-

tures such as HOG (Histograms of Oriented Gradients) (Dalal & Triggs, 2005)

and SIFT (Scale-Invariant Feature Transform) (Lowe, 2004) features have been
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widely adopted to build appearance models in object trackers (Kuo et al., 2010;

Tang & Tao, 2008). More recently, as deep learning techniques were shown to

produce powerful image feature representations, they started to be used in order

to generate target-speci�c representations in object tracking appearance models.

Speci�cally, in VOT problems, neural networks have seen an increased usage in

recent years in order to distinguish objects from the background. For instance,

the tracker in (Zhai, Roshtkhari, & Mori, 2016) employs a neural network to learn

object appearance probability densities online, which adapts itself to the changes

in appearance as the object moves. Similarly, the visual object trackers in (Ma,

Huang, Yang, & Yang, 2015) and (Qi et al., 2016) use convolutional features from

multiple layers and target appearance is encoded using correlation �lters on those

layers. Other deep learning alternatives employ siamese network architectures to

distinguish one object from another. As these architecture are not solely used for

appearance modeling but also to track objects end-to-end, we describe them in

more detail in section 3.4.1.

Although less common than in VOT problems, CNN based appearance models

have also started being adopted in the context of MOT. In (L. Chen, Ai, Shang,

Zhuang, & Bai, 2017) in order to build and appearance model, object features are

extracted from multiple CNN layers, as di�erent layers encode di�erent features:

the deeper the layer, the more speci�c the extracted features. As so, the �rst

layers are useful to extract information that helps distinguish objects from the

background, and lower layers provide more detailed features that help deal with

occlusions and interacting objects. At writing time, this method currently holds

the �rst place in the 2D MOT 2015 Challenge (Leal-Taixé et al., 2015)1 with a

MOTA value (Multiple Object Tracking Accuracy) of 38.5%.

Another �eld of research closely related with MOT is person re-identi�cation. In

this context, given an image of an object, we would like to re-identify that object

in a large pool of images using solely the appearance of the object. Additionally,

re-id problems often deal with �elds of view from di�erent cameras, and conse-

quently, the algorithms have to recognize objects from di�erent perspectives and

1https://motchallenge.net/results/2D_MOT_2015/
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Figure 3.2: Method presented in (Wojke et al., 2018) handling object occlusion in
a sample from the MOT dataset (Milan, Leal-Taixe, et al., 2016). Notice that the
identities are maintained between di�erent frames.

points of view. Re-id solutions are quite useful in the MOT context, as we have

multiple interacting objects prone to occlusion, which, in many cases, have to

be re-identi�ed in order for the trackers to recover from occlusions or �x broken

trajectories. The multiple object tracker proposed in (Wojke et al., 2018) em-

ploys this strategy. The authors build upon the tracker presented in (Bewley, Ge,

Ott, Ramos, & Upcroft, 2016), which originally uses Kalman �ltering to predict

object locations and the Hungarian method to perform data association for new

detections, and add a deep association metric to build an appearance model (Fig-

ure 3.2). The used appearance model is presented in (Wojke & Bewley, 2018): a

CNN is trained on the MARS dataset (Zheng et al., 2016) in order to learn to

represent objects by their features and discriminate between di�erent identities.

The training process works as a regular classi�cation task, expect that the goal is

to have the network distinguish between di�erent people� each person has its own

class� and, for this end, a softmax classi�er encodes metric learning straight into

the classi�cation task.

An additional popular approach to encode object appearance is to employ corre-

lation �lters. These �lters can be trained to model the appearance of the target

object, which can be adapted online, as the object moves. For this reason, these

algorithms have been used in object tracking in order to distinguish between an
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image patch and the surrounding regions in the image (Bolme, Beveridge, Draper,

& Lui, 2010).

3.3 Object Tracking

3.3.1 Probabilistic Location Prediction Methods

Generally, probabilistic approaches to object tracking attempt to estimate the

current state �or location� of an object based on the history of previous states.

One of these methods is theKalman Filer, which has been extensively applied to

object tracking (Reid, 1979; Black, Ellis, & Rosin, 2002; Rodriguez, 2011; Wojke

et al., 2018).

Figure 3.3: Kalman Filter predict-update cycle.

This algorithm is formed by two recursive steps: predict and update (Figure 3.3).

In the predict step, the Kalman Filter estimates the new state of a tracked object

by using the previous state information. In the update step, the �lter reads the

new noisy observations in order to update the probability distribution of states,

before the next predict step. In this way, the Kalman Filter builds a model of

the system that maximizes the probability of previous measurements. The prior

assumptions are that the object states, and the noise these are subjected to, follow

a normal distribution and that the system has a linear nature, i.e. each state can

be represented by a matrix multiplied by the previous state.

However, when the linearity of the system or the prior assumptions do not hold,

for instance, when object motion does not follow the assumed linear motion model,
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Kalman Filters do not provide a powerful representation. In these cases, one ap-

proach is to use a Extended Kalman Filter, for instance as in (Mitzel & Leibe,

2011). This algorithm is an extension to the Kalman Filter which approximates

the system to a linear one by using a Taylor series expansion. Although extended

Kalman Filters can be used in non-linear systems, they still fail when the systems

are highly non-linear or non-Gaussian. In these cases, a good alternative is to

use Particle Filters, also known by Sequential Monte-Carlo methods. Particle

Filters work by using a set of weighted particles to approximate the probability

distribution online. Each particle represents a sample of the distribution, and

therefore, the greater the number of considered particles, the greater the accuracy

of the distribution representation. For this reason, prior assumptions about the

distribution are no longer needed. Similarly to a Kalman Filter, a Particle Filter

also consists of successive predict-update steps. In the predict step particles are

updated, and in the update step, a weight is attributed to each particle. The

weights depend on the consistency of the particle with the new observation. Fi-

nally, a set of particles is sampled, using the weights to represent the probability

of a particle chosen. Particle Filters are widely adopted in object tracking meth-

ods (Z. Khan, Balch, & Dellaert, 2004; Okuma et al., 2004; C. Yang, Duraiswami,

& Davis, 2005; Breitenstein et al., 2009).

3.3.2 Data Association

When considering a tracking-by-detection framework, an important decision to

make is how to cluster detections over time. This process of clustering the detec-

tions is called the data association problem. In other words, this problem regards

how to associate detections to object identities in order to initialize, maintain, and

�nish object tracks.

Basic approach: The most basic method for data association is to calculate the

intersection-over-union (IOU) overlap between the new detection and each of the

last bounding boxes of already identi�ed objects. This is the approach is used

in (Bochinski, Eiselein, & Sikora, 2017): a R-CNN detector (Girshick et al., 2014)
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is applied in each frame and detections are associated to tracks by calculating the

IOU overlap of the bounding boxes in consecutive frames (Figure 3.4). However,

this work has two prior assumptions: detection accuracy is perfect, and objects

move slowly, i.e., detections of the same object in consecutive frames have a high

IOU overlap. Furthermore, MOT videos frequently feature interacting/overlap-

ping objects and occlusions, and thus, the bounding box overlap in consecutive

frames may be higher for objects of di�erent ground-truth identities, leading to

identity switches. Despite this, this type of approach forms a base for many of the

more complex existing methods that better address these problems.

Figure 3.4: Tracking-by-detection approach of (Bochinski et al., 2017): tracklets
are created using the IOU between detections in consecutive frames.

Multiple Hypothesis Tracking: Traditional methods to perform data associa-

tion include Multiple Hypothesis Tracking (MHT) (Reid, 1979) and are a part of

di�erent MOT implementations (Han, Xu, Tao, & Gong, 2004; Blackman, 2004;

Kim, Chanho; Li, Fuxin; Ciptadi, Arridhana; Rehg, 2015). In this method, for

each target, a history of hypothetical decisions is built, maintained and pruned,

forming a breadth-�rst search hypothesis tree, containing all possible combinations

of new detection observations and previous targets (Figure 3.5). This method at-

tempts to delay important decisions until su�cient information arrives and no am-

biguities exist. When this information arrives, the most probable detection-target

association is selected using Bayesian theory. MHT is, therefore, able to manage

tracked objects, from beginning to end, including possible (severe) occlusions or

false detections.
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Figure 3.5: Visualization of the Multiple Hypothesis Tracking Tree �the potential
connections between observations in adjacent frames� for frame k (Kim, Chanho;
Li, Fuxin; Ciptadi, Arridhana; Rehg, 2015).

Hungarian Algorithm: We can think of data association as an assignment

problem in a bipartite graph, in which the goal is to �nd the optimal match

between detections and tracked objects. One of the most broadly used algorithms

in MOT to solve the assignment problem is the Hungarian method (Kuhn, 1955).

This algorithm takes an a�nity matrix as input and �nds the optimal detection

assignment. The a�nity matrix can be computed in di�erent ways. In (Bewley

et al., 2016) a simple approach is used: new object locations are predicted using a

Kalman Filter, and then the Hungarian Algorithm is employed to �nd the optimal

match between predicted bounding boxes and newly detected bounding boxes. In

this work, the a�nity matrix is build using only geometric cues (IOU bounding

box overlap). On the other hand, in (Geiger, Lauer, Wojek, Stiller, & Urtasun,

2014) a more complex combination of measures �geometry and appearance cues�

is used: the geometry cues take into account the IOU overlap between bounding

boxes, and a cross-correlation is used for appearance cues. These cues are then

combined into the �nal a�nity entry in the matrix:

M(i, j) =

Γ(di, dj), if Γ(di, dj) <= τ

∞, if Γ(di, dj) > τ

,

Γ(di, dj) =

(
1− bbox_di ∩ bbox_dj

bbox_di ∪ bbox_dj

)
× (1− corr(di, dj)) ,

(3.1)
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where di and dj represent the detections, bbox_di and bbox_dj represent the de-

tection bounding boxes, corr() returns the maximum value of of the normalized

cross-correlation between two detections and τ is a pre-speci�ed threshold. Using

this newly computed a�nity matrix, the Hungarian algorithm computes the opti-

mal associations between detections to form the �rst tracklets. The second step in

this work consists of using the same algorithm to associate tracklets to each other,

in order to �x broken trajectories due to occlusion.

The work in (Wojke et al., 2018) also employs a combination of motion and ap-

pearance cues. For motion, as a Kalman Filter is used in order to predict the next

location of each object, the authors use the squared Mahalanobis distance between

the predicted locations and the new detections. For appearance, the neural net-

work of (Wojke & Bewley, 2018) is used to extract features, and then the cosine

distance between the produced features for each object is calculated. The �nal

a�nity is calculated using a weighted sum of both appearance and motion cues.

Other examples of cue usage to calculate a�nity between objects include the Eu-

clidean Distance (Sanchez-Matilla, Poiesi, & Cavallaro, 2016), the work in (Stau�er,

2003) takes accounts tracklet initialization and ending, and in (Riahi & Bilodeau,

2015) a variety of di�erent features are employed, including color histograms to

model appearance, optical �ow histograms to model motion, and Euclidean dis-

tance between detections and candidates to model spatial information.

3.4 Deep Learning Object Tracking Methods

With the advent of deep learning in various visual recognition tasks (Krizhevsky

et al., 2012; Girshick et al., 2014), these techniques naturally found their way

into object tracking problems. This section reviews the most prominent work,

exploring current state-of-the-art deep learning VOT and MOT alternatives.
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3.4.1 Simese Neural Networks

The siamese architecture for neural networks recently gained popularity and is

used today in di�erent object tracking applications. The name comes from having

two sub-networks with similar con�guration, which are concatenated at the end

to create one single output. Variations of this architecture include triplet and

quadruplet neural networks, in which, respectively, there and four sub-networks are

used. Each of the sub-networks takes its own input and produces a representation.

Those representations are then combined in the third module of the network, in

which the �nal operation occurs, which can be, for instance, the application of

a similarity function to each of the outputs of the sub-networks. Due to these

proprieties, siamese architectures are quite popular to model appearance.

Siamese Architectures in VOT: A popular approach in visual object tracking

is to use this architecture in order to �nd a target object in a search area (Tao,

Gavves, & Smeulders, 2016; Leal-Taixe, Canton-Ferrer, & Schindler, 2016; K. Chen

& Tao, 2016; Held et al., 2016; Bertinetto et al., 2016). To do this, these networks

usually take two inputs: a query image and a search image. The query image is

crop of the target object in frame t - 1 and the search image is a crop of the next

frame �frame at time t�, centered on the same location as the was target in frame

t - 1 �this corresponds to the area where the network will be trying to �nd the

target object. This area is usually also scaled by a factor to ensure that the query

object is present in the target image.

The network in (Bertinetto et al., 2016) employs a fully convolutional siamese

network to learn a function f(x, y) which is able to compare the similarity between

two the objects in two images, and yields a high similarity value if the two objects

in frames belong to the same target (Figure 3.6). Once features are computed, the

output feature maps of the two sub-networks are combined with a cross-correlation,

which produces a sore-map that can be translated into the displacement of the

target object between frames, by multiplying the location of the highest score

value by the stride of the network. In (Valmadre, Bertinetto, Henriques, Vedaldi,

& Torr, 2017) this architecture is extended by adding a di�erentiable correlation
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(a) (b)

Figure 3.6: (a) Siamese Neural Network Architecture in (Bertinetto et al., 2016):
this network compares a target image z to a search area image x and returns
a high score if the two images correspond to the same object. (b) Architecture
of (Valmadre et al., 2017) which extends the previous by adding a correlation �lter
layer into the CNN.

�lter layer directly in the CNN. Bu using such a �lter, the network is able to learn

and adapt to the object model.

The architecture proposed in (Held et al., 2016), code-named GOTURN (Generic

Object Tracking Using Regression Networks), employs a similar approach. It

performs generic object tracking �which is not trained for a speci�c class of objects�

at very high speeds (100 FPS). In order to be able to recognize novel objects,

the network is trained to learn a generic relationship between appearance and

motion. The network is trained to directly regress the bounding box coordinates

of the tracked object in the search area of the next frame. We further discuss this

architecture in later chapters.

Siamese Architectures in MOT: A few variations of siamese convolutional

architectures were proposed to track multiple objects. Mostly, they have been

utilized in order to build appearance models to measure a�nity between detections

and help solve the data association problem. The work in (Leal-Taixe et al., 2016)

uses this architecture to extract local spatio-temporal features, where the inputs

are detection images and optical �ow maps. Similarly, in (Wang et al., 2016) a

siamese architecture is used jointly with temporally constrained metrics in order to

build a tracklet a�nity model. The authors in (Son, Baek, Cho, & Han, 2017) use

a quadruplet network in order to model target appearance and motion. Here, via

a muti-task loss, the network simultaneously learns to associate objects by their
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(a) (b)

Figure 3.7: The internal state of the network is updated at each time step based
on the previous information and the new feature vector in order to predict the
new state (a) retrieved from (Gan et al., 2015). (b) retrieved from (Ning et al.,
2017).

similarity and temporal distance, and additionally, it directly regresses bounding-

boxes.

3.4.2 Recurrent Neural Networks Trackers

Recurrent Neural Networks (RNNs) have proprieties that allow them to process

sequential information, updating a hidden state in order to predict a new state at

each time step. These proprieties are useful in the context of object tracking, and

therefore, they constitute another growing trend in this �eld (Gan et al., 2015; Ning

et al., 2017; Kahou, Michalski, Memisevic, Pal, & Vincent, 2017; Gordon, Farhadi,

& Fox, 2018). This approach is usually composed of two steps: �rstly, at each time-

step, a feature extractor is used to generate feature vectors. Secondly, the RNN,

updates its internal state based on the extracted features and the previous states,

and with this information, the network predicts the new object location.

RNNs in VOT: In (Gan et al., 2015), a RNN takes a video frame as input

and returns the bounding box of the tracked object (Figure 3.7 (a)). Here, the

whole frame is given as input to a CNN for features to be extracted. Secondly,

three inputs are given to the RNN: the feature vector, the previous state, and

the previous object location. With the newly updated state, the distribution over

the location of the object is computed, and the mean of this distribution will
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correspond to the new predicted location of the object. Closely related to this

work, is the network in (Ning et al., 2017), codenamed ROLO �recurrent YOLO�

(Figure 3.7 (b)). Here, an LSTM is trained end-to-end and employed to directly

regress bounding boxes. The authors �rstly employ a YOLO detector (Redmon

et al., 2016) network to collect visual features and detect the targets, which are

fed into the LSTM to regress the object location. Another similar case is the

work in (Gordon et al., 2018), which, contrary to previous work, is able to run on

more challenging natural videos and achieve greater accuracy and speed by using

both o�ine and online adaptation. Similarly to prior work, this work has three

components: CNN layers to model target appearance, recurrent network layers

to model motion and remember appearance and a regression layer to produce

bounding boxes.

RNNs in MOT: Using RNNs in the MOT context is a more complex task than

using RNNs for VOT problems as multiple states for multiple objects have to be

considered simultaneously.

The multiple object tracker in (Milan, Rezato�ghi, et al., 2016) introduces an

RNN able to perform location prediction, data association, track initialization,

and track ending. The authors divide the problem into two major stages: �rstly,

state prediction/update in conjunction with track management, and secondly data

association. To solve the �rst stage, an RNN performs three tasks: predict states

of all target objects based on the current state and the inner state of the network,

update the states when information from the next frame is available, and establish

which tracks were initialized or ended based on the states. To achieve this tasks

the authors employ a four-component loss: �rstly, in order to measure the loss of

the state prediction and state update steps, the �rst two components are the mean

squared error (MSE) between predicted values and ground-truth labels. Secondly,

as the network should also learn to recognize which tracks are active, a binary

cross entropy (BCE) loss is used to calculate the probability that each target

exists. The second stage of this problem corresponds to data association: in

this work, this problem is solved by having an LSTM predict which detection

corresponds to each target. Here, at each time step, the feature vectors are formed
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Figure 3.8: MOT tracking using RNNs (Sadeghian et al., 2017). In this work, a
combination of four RNNs is employed in order calculate a similarity score between
existing targets, ti, and detections, dj. The �rst three RNNs are employed in order
to model target appearance, motion and interaction between targets, respectively.
The feature outputs of each are then combined in the last RNN, which outputs
the �nal feature vector, which is used to measure the similarity between targets,
ti, and detections, dj.

by the input, the hidden state, and the cell state, and the network is trained on

a negative log-likelihood loss. This approach does not reach high accuracy on

MOT2D Benchmark challenge (Leal-Taixé et al., 2015) (19.0% MOTA), however,

it is one of the fastest submissions with 165.2 FPS.

The work in (Sadeghian et al., 2017) is able to achieve better accuracy value on

the MOT benchmark. This works employs a structure of RNNs to solve three

tasks: appearance modeling, motion modeling, and target interaction modeling.

Each of these tasks is solved by an RNN and the resulting features of each one

are then combined and given as input to a fourth RNN, that will produce a �nal

feature vector used to compute similarity scores between detections and targets.

This architecture is able to achieve a 37.6% MOTA score, and currently holds the

second place in the MOT2D Benchmark challenge (Leal-Taixé et al., 2015), being

surpassed only by the work of (L. Chen et al., 2017) with a 38.5% MOTA value.
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3.5 Summary

Despite its success in other visual recognition tasks, such as image classi�cation

(Krizhevsky et al., 2012) or object detection (Girshick et al., 2014), deep learning

methods have only very recently begun to be utilized in object tracking problems

and its application in this problem remains sparse.

This is particularly noticeable in the MOT context, in which surprisingly little

work focuses on the application of deep learning techniques for the tracking prob-

lem itself (Milan, Rezato�ghi, et al., 2016; Wang et al., 2016; Leal-Taixe et al.,

2016; Son et al., 2017). In the MOT �eld, most of the approaches rely on heavy

uses of more classical techniques such as probablistic methods (as Kalman Fil-

tering (Rodriguez, 2011) or Particle Filtering (Breitenstein et al., 2009)), data

association techniques such as Multiple Hypothesis tracking (Kim, Chanho; Li,

Fuxin; Ciptadi, Arridhana; Rehg, 2015), or the Hungarian Algorithm (Geiger et

al., 2014).

The lack of attempts to solve this problem using deep learning sets up the de-

velopments in the remaining chapters of the present work, in which we build on

some of the existing deep learning approaches, and explore the cross-over between

these newer techniques and more classical techniques, applying them to the object

tracking problem.
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Single Camera Tracking

As our �nal goal of real-time multiple camera, multiple object tracking is a com-

plex task, our approach consists of splitting the problem into two main stages:

single camera person tracking (i), and multiple camera person tracking (ii). In

this chapter, we present our solution and the proposed architecture for the sin-

gle camera person tracking system. To solve this problem we divide this task into

speci�c modules, each one dealing with di�erent object tracking tasks, building up

towards a scalable, modular architecture, that can afterward be scaled for multiple

camera multiple object tracking.

4.1 Overview

Given a feed of video, the goal of multiple person tracking is to track and maintain

an identity for each person in the video. As we are using one single camera, at

this stage we only worry about solving multiple person tracking for one single

camera. We tackle this problem in a modular manner: the tasks are divided by

modules, which are chained together. Each of these modules is concerned with

solving a speci�c problem and outputting its result to the next module.

Real-Time system: It is important to de�ne what exactly constitutes a real-

time system: we consider as real-time, any system able to process information as
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fast, or faster than the rate of the input that is given to it. For instance, if we

feed our system with a 30 FPS video to the system, results should be computed

in 30 seconds or less.

4.2 Single Camera Tracking Architecture

The proposed system is composed of four main modules represented in Figure 4.1.

At a high level, this consists of reading frames from an IP camera in real time

using the FFmpeg tool 1, sending those frames to the detection module, which,

for each frame, will output the bounding boxes around the objects of interest and

send those to the tracking module. The tracking module will link together the

detections that belong to the same object in consecutive frames, and �nally send

the results to the visualization module, which will display the tracks to the user.

Figure 4.1: Single camera tracking architecture. The system is composed of four
main modules, each responsible for a speci�c task. The frame reader module will
read frames directly from an RTSP stream and send them to the detection module,
which will produce bounding boxes around the objects of interest. The tracking
module will take these detections as input, and its main task is to identify each
one and maintain these IDs in subsequent frames. Optionally, the visualization
module can be activated for the results to be displayed.

4.2.1 Frame Reading Module

This module is responsible for reading and sending frames to the detection mod-

ule. Additionally, to the frames, it also sends the respective timestamp for each

frame. In order for the program to be able to run in real-time, this module utilizes

threading and the queue data structure to bu�er frames, which also ensures the

1http://ffmpeg.org/
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rest of the needed processing runs faster as we avoid using blocking I/O operations

to read frames. Consequently, there is a signi�cant speedup simply by creating a

separate thread that is solely responsible for reading frames from the stream �le

and maintaining a queue.

The �rst iterations of this module made use of the OpenCV library (Itseez, 2014) in

order to read frames. However, the OpenCV class responsible for reading RTSP

streams does not currently support the functionality of retrieving frame times-

tamps, which is needed for many real-time applications. Using OpenCV for single

camera tracking works �ne as it ensures that frames arrive in the correct order,

and thus, a timestamp is not needed. However, we need to have in mind that this

system should be afterward scaled for multiple cameras, and in this scenario, the

need for timestamps becomes more apparent as the di�erent video streams have to

be perfectly synchronized in time. Time synchronization is crucial to track through

multiple cameras with overlapped �elds of view since if they are out-of-synch, a

person walking over the overlapped area in one camera, may not be present in the

second camera while this information is being processed, and therefore, the system

will fail to link both tracks and associate them to the same identity. Therefore we

worry about timestamps at this stage, even though it is not necessarily needed for

single camera tracking.

To achieve synchronization over multiple streams, presentation timestamps (PTS)

are used, which represent the exact time that each frame has to be displayed.

These are usually used to synchronize audio and video in one streams, however

they can also be used to achieve video synchronization of di�erent streams2.

4.2.2 Person Detection Module

Having a well-performing detector is a key factor for the object trackers to also

perform well. The main task of a detector is, given an input image and a set

of classes, generate bounding boxes surrounding all objects belonging to those

2In order to read the PTS of each frame we use the FFmpeg library: we read frames through

a pipe, and the PTS is retrieved by parsing the stderr output.
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classes �detections�, and output the con�dence scores for each of these detections.

In order to achieve this, we train di�erent CNNs to detect people �we consider

one class "Person"� using the detection dataset described in the previous chapter.

In order to do so, we use the Tensor�ow Object Detection API (J. Huang et al.,

2017), which provides a set of tools and pre-trained detection models, that can be

easily trained on custom datasets.

Choice of detection model: With the results of the work of (J. Huang et

al., 2017) in mind, which performed an analysis on the trade-o� between speed

and accuracy in deep learning detection architectures, we have chosen two main

architectures to integrate in the detection module of the present work: a SSD

detector with an Inception-V2 feature extractor and a Faster R-CNN detector with

a ResNet101 feature extractor, available to download at the tensor�ow Model Zoo

page 3. We also employ di�erent variations of di�erent parameters �namely non-

maximum suppression (NMS) threshold and number of proposals� in the Faster

R-CNN model in order to understand if, using our datasets, a Faster R-CNN

detector can achieve SSD speeds without compromising accuracy. We further

elaborate on this topic in Chapter 6.

Training pipeline: Using the Tensor�ow Object Detection API, training the

models is a fairly straightforward process. The detection dataset is split into train

and test sets (80/20) and the resulting �les are transformed into the TfRecord

format, which is a standard format in Tensor�ow. In order to reduce training

time and avoid over�tting, we employ Transfer Learning (Caruana et al., 1997;

Bengio, 2011), which consists of using a pre-trained model and re-training it with

new data. Tensor�ow provides pre-trained object detection models on di�erent

datasets. We employ the models pre-trained on the Microsoft COCO (Lin et

al., 2014) dataset, as it is the closest to the custom data in the present project.

Network hyperparameters are set in the con�guration �les provided by tensor�ow.

In order to monitor the network training process, the Tensorboard tool is used,

3https://github.com/tensorflow/models/blob/master/research/object_detection/

g3doc/detection_model_zoo.md
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which allows to easily access to metrics such as loss and accuracy during training.

This makes Tensorboard very useful for debugging the training process.

Tasks: This module is responsible for reading frames from the queue, previously

put there by the frame reader, and generate bounding boxes around each person

in the frame. As so, the main task in the main class of this module is to con-

tinuously read frames from the speci�ed source, pass them through the speci�ed

detector, and forward the results for each frame �bounding boxes, detection scores,

presentation timestamps and the frame itself� to the tracking module.

4.2.3 Person Tracking Module

The tracking module is responsible for receiving detections from the detection

module, and for each frame, linking detections together in order to form the in-

dividual tracks of each person through a set of frames. Our goal is to design a

tracking module that:

• is able to perform in real-time;

• is able to maintain the track identities even with multiple interacting people;

• is able to recover from occlusions and �x fragmented tracklets;

• is able to successfully start, maintain and end a track.

In order to get a better perception of what di�erent types of tracking architectures

are able to achieve, we selected 3 di�erent trackers to implement, test and integrate

in the tracking module: one basic MOT IOU tracker to use as a benchmark, one

deep learning visual object tracker in order to investigate how it can be extended

for the MOT problem, and one multiple object tracker, which we slightly extend

to better �t our problem. For the most part, the trackers employ a prediction-

association framework �the only exception to this is the IOU tracker, which

only uses the association step. In this framework, for each new frame, in �rst

place trackers predict the next locations for each of the existing tracked objects,
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and in second place, detections are compared with tracker predictions in order to

be associated with the most similar prediction. At the most basic level, we can

represent each tracked object by one object identi�er, a sequence of detections

in adjacent frames and a sequence of locations predicted by the trackers for each

frame. The architectures of the used trackers are described below.

4.2.3.1 IOU Tracker

Firstly, we employ a simple IOU tracker similar to the one used in (Bochinski et

al., 2017) mainly to form a baseline and be able to better evaluate the remaining

more complex trackers. Out of all the implemented trackers, this is the only

one that does not predict the next location of the tracked objects, only using

detection information to establish object tracks. Here, at each input from the

detection module �formed by the frame and respective detection bounding boxes�

we measure the Intersection over Union (IOU) overlap between the newly arrived

detection bounding boxes from the detection module and the last bounding box

associated to each of the already established tracked objects. Recall that the IOU

is de�ned by:

IOU(di, dj) =
Area(di) ∩ Area(dj)

Area(di) ∪ Area(dj)
, (4.1)

where di and dj correspond to detection bounding boxes in adjacent frames. We

empirically de�ne a threshold value, and if this score is greater than this value we

consider that the detection belongs to that object. Otherwise, if a new detection

has no suitable candidate �an already existing tracked object� a new tracked object

is created and initialized with that detection. At the end of each iteration, the

list of the tracked object is cleaned of dead tracks, i.e, objects that have not had

detections associated to in at least the passed K frames. As this approach is simple,

we utilize this tracker in order to form a baseline for the remaining trackers. In

other words, we investigate if using deep learning models and MOT strategies is

worth the higher inference time and computational complexity, or if the current

state-of-the-art object detectors have reached a point were it is feasible to track

multiple objects using only detection information.
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4.2.3.2 GOTURN Tracker

For the second tracker, we employ the deep learning model proposed in (Held

et al., 2016) code-named GOTURN (Generic Object Tracking Using Regression

Networks). Recall that this is a siamese CNN architecture (Figure 4.2) trained

o�ine in order to learn a generic relationship between appearance and motion,

and recognize new objects online. In order to learn this relationship, similarly

to other siamese architectures (Bertinetto et al., 2016), the network is trained on

pairs of frame crops: one crop centered on the object we would like to track in

frame at time t �the target object�, and one crop centered on the same location,

in frame at time t + 1 scaled by a factor of k �the search area. In other words,

the network will try to localize the target object in the search area, and directly

regress the bounding box of the new object location. Note that the scaling of the

frame patch at time t+ 1 is done in order to ensure that the object will be present

in the search area. Due to this cropping scheme, which avoids that too many

patches are compared (as for instance in (Tao et al., 2016), which runs at 4 FPS),

and as no learning is performed online, this model achieves very high speeds: 100

FPS on a Nvidia GTX 680 GPU and 165 FPS on a Nvidia GeForce GTX Titan X

GPU (Held et al., 2016). To our knowledge, this is one of the fastest deep learning

based visual object trackers. For these reasons, we chose this tracker to scale for

the MOT problem.

Figure 4.2: GOTURN network architecture (Retrieved from (Held et al., 2016)).
This siamese neural network takes two inputs: a crop of the target object of the
previous frame, and a search area of the current frame. It directly regresses the
bounding box coordinates of the target object in the search area.
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Scaling for MOT- Data Association: In a VOT problem, GOTURN would

be given the initial location of the object to track �a bounding box�, and in sub-

sequent frames, it would run exactly one time per each frame �one time to predict

the new location of the target object in the new frame. Each predicted location

would serve as one of the inputs to the network in the next iteration, along with

the search area in the new frame. When scaling this to an MOT context, as we

have multiple objects we would like to track per frame, the tracker has to run

one time for each object in the frame in order to predict the new location for all

objects. At each iteration, the tracker uses the previously predicted frame crop at

time t - 1, and the search area in the current frame at time t as an input in order

to predict the next position of each of the tracked objects. Furthermore, as in this

context objects can interact and possibly become occluded, we do not rely solely on

the predictions of the tracker: instead, we complement those predictions with the

detections produced by the detection module. Therefore, we employ GOTURN as

a prediction mechanism: for each new frame and for each object in the frame, we

have GOTURN predict the new location, and then we validate those predictions

using the detection bounding boxes. In order to perform this validation, we com-

pute the a�nity value between each of the new unmatched detection and each of

the tracker predictions for each of the existing tracked objects. we investigate and

implement three di�erent hypothesis in order to compute the a�nity value:

• Firstly, we employ a simple IOU overlap score between the detection bound-

ing box and the network prediction bounding box;

• We employ a deep learning appearance model, and compute the distance

between the detection features and the prediction features;

• We employ a weighted sum of both IOU overlap and appearance score.

Once a�nity values between targets and detections are computed, we proceed to

order all the target-detection pairs by their ascending a�nity value, and associate

detections to the existing objects by this order. Additionally, we consider a lower-

bound empirically de�ned a�nity threshold, as target-detection pairs that are too
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far away or dissimilar will never correspond to the same object. Therefore, all the

target-detection pairs in which the a�nity value is lower than this threshold will

not be associated.

Track Initialization: This refers to the problem of knowing how and when should

a track be initialized, and is a fairly straightforward process: an object track is

initialized when the tracker receives the �rst detection belonging to that object

from the detection module. In the section above we have seen that a�nity between

detections and tracker predictions are computed in order to associate detections to

tracked objects. Following this logic, we know that the detection belongs to a new

object if it does not match with any of the predictions for the previous objects.

In other words, if the tracker location predictions for the existing objects and the

new detection an a�nity lower than the empirically de�ned threshold, then a new

tracked object is initialized with that detection. This detection constitutes the

�rst input fed to the tracker (target) and de�nes the features of the object that

the tracker will be looking for during its runtime.

Track Ending: When an object leaves the camera �eld of view its track should

be removed. One way to know when an object is no longer present in the �eld

of view is to con�rm if a detection exists for that object in the current time

step. However, considering the track �nished when no detection exists is a naive

strategy, as there may be detection errors. Speci�cally, consider that a detection

error occurs for one particular tracked object and this object is not detected in the

current frame. If we remove that object straight away and consider that track as

�nished, and the object is afterward re-detected in the next frame, a new track ID

will be created. This type of identity switch is undesirable for a multiple object

tracker. As so, we attenuate this problem via a parameter: the maximum age

of the tracked objects. The track of an object is only considered �nished when

no detection is matched with that object in MAX_AGE frames. Furthermore,

when an object fails to be detected, we initialize a counter AGE for that object

and increment it by one at each frame that the object is not detected. In other

words, even if there is no detection for a particular tracked object, the tracker

will keep predicting its location and maintaining the track alive for MAX_AGE
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frames, while incrementing the AGE counter. If during this period, the object

is re-detected and successfully matched to the tracked object, the age counter is

reset to 0. Otherwise, if after this period the object is still not associated with any

detection the track is considered �nished and removed from the active tracks list.

4.2.3.3 DeepSORT Tracker

For the MOT tracker, we employ the work of (Wojke et al., 2018), which extends

the SORT tracker (Simple Online and Realtime Tracking) in (Bewley et al., 2016)

in order to integrate appearance information. This work can be decomposed in

two main stages: �rstly, Kalman Filtering is performed in order to predict the

next location of each target object, and secondly, detections are associated to

tracked objects using the Hungarian Algorithm (Kuhn, 1955). Recall that the

Hungarian Algorithm computes an a�nity matrix between tracked objects and

new detections. In this work, the a�nity matrix is computed using the weighted

sum of two metrics: the Mahalanobis distance between the locations predicted by

the Kalman Filter and the new detections, and cosine distance between appearance

features of tracked objects and new detections. Therefore, each entry in the a�nity

matrix is given by:

M(i, j) = λd1(i, j) + (1− λ)d2(i, j), (4.2)

where d1(i, j) corresponds to the squared Mahalanobis distance between locations

predicted by the Kalman �lter and new detections, and d2(i, j) corresponds to the

cosine distance between the appearance features of the i-th tracked object and the

appearance features of the j-th detection. d1(i, j) is given by:

d1(i, j) = (dj − yi)TS−1
i (dj − yi), (4.3)

were dj is the j-th detection bounding box, di is the i-th tracked object bounding

box, yi is the arithmetic mean vector and S is the sample covariance matrix. As
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Figure 4.3: Grids drawn over camera �elds of view. These grids enable us to de�ne
static rules about which trajectories are possible and which trajectories are not,
which is useful for the system to recover from diverse tracking errors.

the Mahalanobis distance is usually employed to �nd unusual combinations of two

or more variables, it is useful in this context to �nd abnormal track-detection

associations. The second metric, d2(i, j) is given by:

d2(i, j) = min(1− rTj r
(i)
k , r

(i)
k ), (4.4)

were rj is the feature vector for detection j, r(i)k is the vector of the last k feature

vectors of tracked object i. We chose this MOT tracker as we wanted a tracker that

employs classical MOT algorithms �as Kalman Filters and Hungarian Algorithm�

and combines it with more recent deep learning techniques aimed at feature ex-

traction �the neural network in (Wojke & Bewley, 2018). Additionally, we needed

a fast method: this method achieves high speeds �40 FPS� still maintaining high

MOTA values �61.4% on the MOT16 benchmark challenge (Milan, Leal-Taixe, et

al., 2016)�, as opposed to, for instance, the tracker in (F. Yu et al., 2016) which

runs at 10 FPS and which achieves 66.1% MOTA on MOT16 benchmark.

4.2.3.4 The Grid Algorithm: Handling Occlusions and Error correc-

tion

Any of the trackers described above will yield reasonable results. However, in

our speci�c scenario, cameras are static, and this enables us to make additional

assumptions about the space in the �eld of view in order to further re�ne tracking

results. We propose to split the �eld of view into a grid-like structure as represented
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in Figure 4.3. As the space is static, the grid enables us to create static rules to

describe situations that are plausible and situations are impossible. Speci�cally,

we can de�ne which cells correspond to entrances/exits and which cell transitions

are possible. We consider the cells that correspond to entrances/exits to be tracker

start cells. In other words, we consider that a tracked target can only be initialized

in one of these cells, as these are the only locations where new objects can enter the

�eld of view. All the cells have coordinates which can be used to check in which

cell a tracked object is located at the current time. Additionally, at construction

time, all the cells are informed of what cells are their neighbors, and therefore we

can de�ne which cell transitions are possible. We further build upon this concept

and manually de�ne the cell transition sequences that correspond to accepted end

states: in other words, each accepted end state corresponds to a sequence of cell

transitions that an object can make from an entrance cell to an exit cell. As so,

�rstly, we begin by de�ning which grid cells correspond to start states �start cells.

Secondly, we de�ne what transitions from cell to cell are possible, as shown in

Figure 4.4. Lastly, we manually de�ne which sets of transitions correspond to

accepted end states. Having these rules enables us to perform three validations:

Track initialization: As we use the grid to de�ne start cells, we can add an

additional constraint to the track initialization process, or in other words, to the

process of assuming that a detection belongs to a new object: in addition to not

having an a�nity higher than the empirically de�ned threshold with any other

tracked object, the detection only belongs to a new object if this detection is

located in one of the pre-stipulated start cells.

Track ending: The grid also enables us to validate track ending. Recall from the

sections above, that an object track is considered �nished when no new detections

are associated to this object in MAX_AGE frames. Using the grid we can extend

this constraint by also de�ning what cell sequences are accepted track ending

sequences. In Figure 4.4 one example of a �nished track sequence is [8, 5, 2, 3].

Using this additional constraint, an object track will only be considered �nished

if it has not had a detection in MAX_AGE frames and if the grid cells in the

trajectory of that object constitute an accepted end state sequence.

60



Chapter 4. Single Camera Tracking

Figure 4.4: Possible state transitions having a grid-like space separation. We
de�ne start cells (7, 8, 3) which constitute the cells where track initialization is
possible. Additionally, we de�ne all the possible state transitions that describe how
objects can move. Furthermore, we manually de�ne sequences of transitions that
constitute accepted end states, that describe the path that an object takes from
the entrance to the exit, e.g., the sequence of transitions (8, 5, 2, 3) corresponds
to an accepted end state, as all the cell transitions in this sequence are possible.
This enables us to recover from occlusions, reduce identity switches and reason
about lost tracks.

Recovery from errors: Due to detection and tracking errors, for instance, oc-

clusions, tracked objects may su�er from identity switches. For instance, without

using the grid algorithm, if an object fails to be detected in MAX_AGE frames,

then a new tracked object will be created, leading to an identity switch. However

we can employ the grid to reason about occlusions and lost tracks. We know

that if a new object suddenly appears in a grid cell that is neither an entrance or

an exit cell, it probably is not a new object, but a switched identity. Therefore,

�rstly, we temporarily store all the tracked objects that failed to be detected in

MAX_AGE frames and did not have an accepted end state cell sequences in a un-

�nished_tracks list. Secondly, every time a new tracked object suddenly appears

in a grid cell that is not an entrance or exit, we check the un�nished_tracks list

for possible matches to previous undetected objects: if the grid cells match �if it

is the same cell or a neighbor cell� the current detection will be associated to that

object.
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Multiple Camera Tracking

In the previous chapter we have developed a system able to track objects in a video

originated from one single IP camera. In this chapter, we discuss how to scale that

system to multiple cameras with overlapping �elds of view. Once more, we tackle

this problem in a modular manner, in which, the components and algorithms of

each module can be easily switched so that we are able to test multiple solutions

in a scalable way.

5.1 Overview

Given a real-time feed of video, originated from multiple overlapping cameras, we

would like to track each person that goes through each �eld of view and maintain

these identities through all �elds of view. The goal is to link tracks belonging to

the same people between cameras in order to form the full path of each individual

person in all cameras, as represented in Figure 5.2. As these cameras have over-

lapped �elds of view, the same target may appear simultaneously in both. This

task can be thought of as a person re-identi�cation problem as we are attempt-

ing to decide whether or not two individuals, seen from di�erent perspectives, are

the same. The additional problem is that the individual is being captured from

di�erent viewpoints, and therefore, its appearance may vary.
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Figure 5.1: Multiple Camera Tracking: camera feeds should be perfectly synchro-
nized in time and the same objects in the di�erent feeds should be linked together
in one single trajectory with one object identi�er.

This process presents multiple sub-tasks:

Tracked object identities should be linked between cameras, even when

multiple objects are present in the �elds of view. As so, the algorithm should makes

use of position and appearance cues in order to discriminate between di�erent

objects. This is a challenge as the representation of each object is di�erent in each

camera (see Figure 5.1).

Local identi�ers should be mapped into global identi�ers: Recall that each

camera has its own object ID counter. We denominate these identi�ers as local

object identi�ers. When the local camera information is processed by the multiple

camera tracking modules, these identi�ers should be translated and mapped into a

global object identity referential, common to all cameras. These global identi�ers

extend through camera �elds of view, as the objects move through space.

The architecture should be distributed: If we have a large number of cameras,

di�erent camera groups have to run on di�erent machines as the tracking pipeline

requires heavy computational power. Some cameras can run on the same machine.

In this case, the camera feeds have to be processed in an iterative fashion, one feed

at a time.

Synchronization of feeds: It is imperative that the outputs from each camera

are perfectly time synchronized, otherwise, the algorithms will fail to link object

identities through cameras.
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With these goals in mind, �rstly we propose an information synchronization sys-

tem, in which the information from all cameras is aligned in time by PTS. Secondly,

we propose two inter-camera target association systems: a one-shot association so-

lution, and an adaptable cost matrix solution. We further describe these systems

in the next sections.

5.2 Associating Objects in Di�erent Cameras

Before describing the built systems, it is important to describe what information

is available, and how can it be utilized in order to achieve the �nal goal: to

recognize that the individual walking through the �eld of view in camera 1 is the

same individual as the one walking through the �eld of view in camera 2. We

make use of three main cues, which we connect and correlate in order to get the

�nal inter-camera object association: object appearance, temporal, and location

information.

5.2.1 Appearance Information

We utilize the appearance model in (Wojke & Bewley, 2018) to model the features

of the target object, such as colors, textures, and shapes. Recall that this is a

deep learning based model, which employs a deep association metric in order to

discriminate between di�erent objects by their features. This network is origi-

nally trained on the MARS dataset (Zheng et al., 2016), which contains over one

million images for thousands of di�erent identities taken from six di�erent near-

synchronized cameras. The di�erence to our dataset is that ours, besides having

a much smaller scale, is taken from top-view cameras, while MARS is not. Even

though datasets are quite di�erent in nature, and since our dataset is relatively

small in size, we use the pre-trained network on the MARS dataset, made available

by the authors online 1 and re-train it on our own appearance data. Recall that this

1https://github.com/nwojke/cosine_metric_learning
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dataset contains samples from both cameras for each object ID, and therefore, the

network learns to produce similar features vectors for the same object in di�erent

viewpoints. Therefore, in order to associate two objects in di�erent cameras, we

calculate the similarity score between observations: we have the network produce

feature vectors for both objects and compute the cosine similarity between these

vectors. If this score is greater than a threshold, we assume the objects belong to

the same identity.

5.2.2 Spatio-Temporal Information

As comparing feature vectors in every frame for every object in the �eld of view

would be expensive, computationally and time-wise, we make use of spatio-temporal

information in order to narrow down the search. Therefore, we only compute the

features of objects that are spatio-temporally "close" to each other. We solve the

temporal aspect using PTS timestamps for each frame. It is quite probable that

the PTS of the closest frames in time from di�erent cameras will not be exactly

the same. However, a good approximation �to the millisecond� can be achieved by

looking for the best possible �t and comparing information from pairs of frames

that are the closest possible to each other in time. The spatial aspect is solved

using the grids described in previous sections. Firstly, we perform a fully manual

step which consists of attributing to each cell in the �rst camera one or multiple

corresponding grid cells in the second camera and vice-versa. In other words, we

perform a mapping operation from camera to camera using grid cells. Note that

performing a complete mapping of every pixel from camera 1 to camera 2 would

be a much more di�cult task, as the �elds of view of both cameras largely vary in

scale. This grid mapping strategy is only an approximation, as one grid cell in one

camera will never perfectly �t a grid cell in the other camera, but it still enables us

to greatly reduce the search space and therefore improve e�ciency. Once we have

these spatial and temporal cues, we are able to eliminate unnecessary computa-

tion by comparing the similarity of only those objects that meet the constraints of

being in roughly corresponding grid cells in both cameras at about the same time.
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5.3 Multiple Camera Tracking Architecture

Multiple camera tracking has four main ideas: �rstly, each camera tracks objects

present in its �eld of view independently of the other cameras. Secondly, single

camera tracking information �object appearance and spacio-temporal information�

from all cameras is synchronized, in order to be aligned in time. Thirdly, informa-

tion from di�erent cameras is crossed and connected, having local camera object

identi�ers mapped into global identi�ers. Lastly, the outputs of all the previous

modules are displayed for the user �the global tracking IDs and respective bound-

ing boxes are drawn directly on the frame. As so, we propose a system that can

be decomposed in these four main components:

• single camera tracking pipeline;

• synchronization of information pipeline;

• global track assembly pipeline;

• visualization pipeline.

Each of these pipelines is composed of di�erent modules in charge of di�erent tasks,

and information �ows from module to module. The high-level system architecture

is represented in Figure 5.2. Recall from Section 5.1 that we propose two di�erent

variants in order to connect information from all cameras. These strategies are

held in the global track association pipeline, and are interchangeable with each

other, while the rest of the modules are maintained.

Figure 5.2: Multiple Camera Tracking Architecture: The system is composed of
modules, where the output of one is the input to the next.
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5.3.1 Single Camera Tracking Pipeline

Each camera has its own tracking pipeline which is used to track objects indepen-

dently from the other cameras (Figure 5.3). This pipeline is mostly identical to

the one described in the previous chapter, with the exception that in this case,

multiple tracking pipelines can run on the same machine. In this case, each camera

has its own �mpeg stream reader and tracking module. To save computational

power, the entirety of the detection module (models and logic), and the tracking

model (model only) are shared. For each frame, tracking information is written to

a Redis queue, from which the synchronization module will subsequently read and

process this information. Using a Redis queue to write this information enables us

to easily distribute the system between di�erent machines. Tracking information

is composed by the camera identi�er, the frame presentation timestamp and the

list of current tracked objects, composed of an object identi�er, object position in

the grid �which we call state�, object bounding boxes and object features, com-

puted using the appearance model. Note that we do not send the frame itself into

the Redis queue: as the frame is only needed to compute appearance features we

compute them in this pipeline straight away and avoid sending the entire frame,

or frame crop to the Redis queue. If results visualization is needed, this module

also writes frames identi�ed by PTS into a remote �le system, in order for this

information to be used later by the visualization module.

Figure 5.3: Single Camera Pipeline. This module is almost identical to the single
camera tracking pipeline described in the previous chapter. The exceptions are
the here we extract the features of each tracked object right away and send those
features the next module instead of sending images. Additionally, here we account
for information from multiple cameras being processed on the same machine.
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5.3.2 Information Synchronization Pipeline

The purpose of this set of modules (Figure 5.4) is to take the information from each

of the individual single camera tracking pipelines and synchronize the messages in

time so that the next module receives information in the correct order.

Figure 5.4: Information synchronization pipeline. In this module, a threaded
class constantly reads single camera tracking information from the Redis queue
and divides it by camera ID into di�erent FIFO queues. Subsequently, we apply
draining operations to these FIFO queues in order to have the information from
di�erent cameras perfectly aligned in time.

The synchronization module is in charge of reading di�erent camera tracking infor-

mation messages from the Redis queue and aligning this information in time to the

best match possible. In order to align the information, we employ a set of FIFO

queues, in which each camera has a queue assigned to it. Additionally, we employ

a threaded class that constantly reads tracking information from the Redis queue

and transfers this information to camera speci�c FIFO queues using the camera

ID in each message. The stream synchronization operation is performed once at

the beginning, and subsequently, it is performed periodically during the runtime of

the program. This operation involves draining the FIFO queues in which tracking

information has lower PTS timestamps until the di�erence between timestamps

in all FIFO queues is small enough to be insigni�cant, as represented in Figure

6.5. This process ensures that the next module receives all tracking information

synchronized in time in a near-perfect manner.
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Figure 5.5: The synchronization operation consists of draining camera speci�c
FIFO queues using timestamps until the di�erence between timestamps of mes-
sages from di�erent cameras is minimal or none.

5.3.3 Global Track Assembly Pipeline

The task of the set of modules (Figure 5.6) is to link objects IDs from one camera

to object IDs from another camera, which belong to the same actual objects.

It is in charge of using the tracking information messages from each individual

camera, already synchronized in time, in order to build the overall object tracks,

and global identity referential between all cameras. We propose two solutions for

this problem: a one-shot association variant, and an adaptable distance matrix

variant. Both are described in the sections below. The �nal output of these set

of modules is a list of the global objects to all cameras, the camera ID and the

PTS, which is sent to another Redis so that the visualization module can read and

display this information on the frames.

Figure 5.6: Global Track Assembly Pipeline. This module takes already synchro-
nized tracking information as input and employs spacial and appearance similarity
operations in order to assemble the global paths of the target objects through all
cameras.
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One Shot Association

This strategy links the object identi�ers only in the camera transition area, essen-

tially, transitioning object identi�ers through cameras as they cross the di�erent

�elds of view. In order for this to take place, we have to successfully propagate

object identi�ers through cameras. As so, we have a global track ID counter. We

increment this ID every time an object enters a camera viewpoint and propagate

this ID to the next camera when the objects transitions into the overlapped area.

In other words, we link object IDs through cameras using the overlapped area

between the �elds of view. In order to do so, we employ the grids and object

appearance features. Recall that the grid cells are manually mapped between

cameras: for instance, grid cell 7 in camera 1 roughly corresponds to grid cell 6

and grid cell 9 in camera 2. As so, we perform a prediction of positions for the

next iteration from one camera to another at each time step: if object A is in

grid cell in grid cell 7 in camera 1, it should probably appear in grid cell 6 or 9

in camera 2 in the next iteration or next few iterations. When a corresponding

object is detected in camera 2, in the expected grid cell, we compare the feature

vectors of both objects. If these vectors match, i.e, if the cosine similarity between

vectors is greater than the considered threshold, we propagate the ID from object

in camera 1 to the new object in camera 2. The following steps are followed when

a new message with track information is read from the queues, for each track:

• If it is the very �rst object, i.e. the tracked objects list is empty, initialize

that ID by adding it to the list;

• If it is not the �rst object, we are going to try to match it to a previous

object in the same camera. We perform this solely by checking the previous

object IDs in this camera. If the IDs match, it is the same object. We do

not do anything else for this object in the current iteration;

• If no match is found, it means one of two things: the object is new to this

camera and came to this position from another camera, or, the object is new

to all cameras, i.e, it is the very �rst time this object appears anywhere in
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the �elds of view. In order to check if this object came from another camera,

we are going to attempt to match position and appearance features. If the

position of the object in the current camera is consistent with the position

predicted for the objects in the other camera at the previous time step,

we proceed to check the features. To test feature similarity we empirically

established a lower bound similarity threshold. In other words, if the feature

similarity is greater than this threshold, we propagate the object ID to the

new camera. If one of these conditions does not hold, we assume it is a new

object for all cameras and initialize a new ID;

• We remove dead tracks: tracks that have not been detected in at least

MAX_AGE frames and whose last position was registered in an exit grid

cell;

• We update inter-camera position expectations for the next time step.

Adaptable Distance Matrix Association

As the name implies, this system is based on using an adaptable distance matrix in

order to associate objects from di�erent cameras, and integrate them into a global

identity referential for all cameras. The biggest di�erence from this algorithm to

the previous, is that, here, once an ID is transitioned between cameras, it can still

be switched in the future, while in the previous case it would be �xed forever �while

the object is present in the �eld of view of the camera where it was transitioned

to. Note that we only want to compute the correspondence between objects from

one �eld of view to another when these cross the overlapped area since this is

when objects have representations in both views. This can be decomposed in the

following sub-problems:

The �rst problem to solve is the following: how to know if an object has

representations in both �elds of view? In order to solve this problem, we

utilize the grids, similarly to the one-shot association algorithm. Recall that we

do not map the space from one �eld of view to another in every point of the frame
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since these are taken by di�erent �sh-eye cameras, and largely vary in scale and

aspect ratios which makes the problem of mapping every pixel in one view to a

pixel in another view a more di�cult challenge. As so, we employ the grids in each

camera in order to roughly map the cells that are in the overlapped area. This

mechanism is afterward used to check if one object in one view has a candidate

object in another view, in order to perform further computations that will decide

if the objects are the same �e.g., check the similarity between feature averages of

both objects.

The second step to solve is to compute the distance matrix, M , in each

iteration. Recall that as we only want to compute this matrix to �nd corresponding

objects in overlapped areas, we compute one matrix for each of the camera pairs

that share overlapped areas. In these matrices, each column corresponds to objects

in one camera view and each row to objects in another camera view. Once we

decide which objects should be compared �by checking if their current location is

overlapped with another view�, we compute cosine distance of the feature average

of each object and all the remaining objects in the other view �all row/column

associations. In other words, each position (i, j) in the matrix is given byM(i, j) =

d(Fi, Fj), were d() is the cosine distance function and Fi and FJ are the averages

of all the feature vectors of objects i and j until the current iteration.

The following step is to �nd the optimal object mapping or to decide which

objects are most similar� or less distant. In order to do so, we employ a mechanism

that iteratively �nds the most similar pair (i, j), associates object i to object j and

deletes the i-the row and the j-th column from the matrix from the next iteration

to take place. This process ends when there are no rows and columns left in the

matrix.

The last step is to update the correspondences between objects and global

IDs. Every object crossing the �eld of view, besides its local ID, has to have a

global ID at all times �even when it is not in the overlapped area. This is necessary

as we are tracking the objects in real-time, and need to compute the global IDs

right when the object enters the �eld of view. The challenge is transferring these
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global IDs from one camera view to another camera view and switching these

global IDs when the matrix correspondence changes (Figure 5.7), without any

information from the future.

Figure 5.7: Adaptable distance matrix data association: the cosine similarity
scores between features of objects in di�erent cameras may change from time
step to time-step.

This apparently straightforward process is non-trivial when analyzed with more

depth. This is di�cult as every time there is a switch �a di�erent object association

from the previous iteration in the matrix� we need to re-assign global IDs and

decide which associations inherit which IDs. There are di�erent possibilities to

handle di�erent types of object association switches. Roughly, we can decompose

all the possibilities in the following cases:

• Situation 1: Neither of the objects in the new association (i, j) was previ-

ously in another association. We need to create the association, increment

the global ID counter, assign this ID to the new association, append it to

the association list and continue to the next association. This situation is

represented in Figure 5.8;

• Situation 2: The simplest scenario occurs when both objects in association

(i, j) were already associated to each other in the previous iteration, and, as

so, we do not need to update the global ID. We only update the information
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Figure 5.8: Global ID switches (1). At T=0 we have the �rst object C0_0. We
assign a new global ID 0 to this object, and continue. At T=1, a new object,
C1_0, appears in the camera 1 view. We compute the distance matrix and �nd
out that C0_0 and C1_0 are the same object. As so, we append C1_0 to the
global object association (C0_0, C1_0). This is straight forward, since, as C0_0
was alone in the previous association (T=0), we only have to append C1_0 to
that association, which maintains the global ID 0.

Figure 5.9: Global ID switches (2). As the association (C0_0, C1_0) from T=1
is maintained at T=2, we only update the information of each local object and
continue.

for each object �bounding box, camera IDs, frame IDs� and continue to the

next object association. This situation is represented in Figure 5.9;

• Situation 3: Object j from the new association (i, j) is in a another previous

association with two objects (i, k), while object i is alone in an association

(i). In this case, we have to decide which global ID is going to be assigned to

the new association (i, j). For this to be correct, we perform two operations:

check the association (i, k), in which object i was previously and determine

which local object, i, or k is oldest, or in other words, which object is present

in the �eld of view for the most time. This is done as the oldest object in

any previous association should always inherit the global ID that previous

association in order to maintain coherence. This situation is represented in

Figure 5.10;
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Figure 5.10: Global ID switches (3). At T=3 we have a new local object in
camera 0, C0_1. As this object is at the entrance area and has no representation
in the other camera, we attribute global ID 1 to it and increment the global ID
counter. Also at T=3, association (C0_0, C1_0) is maintained, as so, we update
the local object information and continue. At T=4 we have two new associations,
(C0_0, C1_1) and (C0_1, C1_0). Notice that the association switched objects.
We begin by ordering the new association list by the age of the oldest object
in the associations and iterate over each one. As so, we begin by the associa-
tion (C0_0, C1_1), which contains the oldest object. Here, the oldest object is
C0_0, and we can see that this object, in the previous iteration was in association
(C0_0, C1_0). As object (C0_0) is the oldest in the previous association (be-
tween object C0_0 and C1_0), we remove C1_0 from this association and append
it to a removed object list, leaving C0_0 alone, and proceed to append the C1_1
to this association. This means that now, the new association (C0_0, C1_1) at
T=4 will have global ID 0, inherited from object C0_0. We then proceed to the
other association at T=4, (C0_1, C1_0), where the oldest object is C1_0. How-
ever, this object is also in the removed objects list, which means that it will not
maintain its previous global ID �as it was inherited by its pair of the previous
association. As the newer pair in the new association, C0_1, has global ID 1
associated to it and is in an association alone, we append C1_0 to C0_1. As
so, the association (C1_0, C0_1) maintains global ID 1. We clear the removed
object list and continue.

• Situation 4: Association (i, j) and (k, l) were association (i, k) and (j, l) in

the previous iteration. E�ectively, this situation corresponds to a total pair

object switch from the previous association. This situation is represented in

Figure 5.11.
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Figure 5.11: Global ID switches (4). The logic in this situation is the same as in
the previous. We begin by ordering the new association by the oldest object in
each pair and proceed to iterate over that list. First new association to be checked
is (C0_0, C1_0) as object C0_0 is the oldest. We check its previous association
(C0_0, C1_1), remove the newest object in that association �C1_1� and append
it to the removed objects list. We then check if the new C0_0 pair, C1_0 , was
in any previous association, and if it is, we remove it. We do so in order to avoid
duplicate local objects in the association mappings. We can then append the
new C0_0 pair, C1_0, to the to the new association (C0_0, C1_0). As so, this
association inherits global ID 0. We then proceed to the second new association
(C0_1, C1_1). The oldest object in this association is C0_1, which previously
had global ID 1 assigned to it, and is now associated to object C1_1, which is now
in the removed objects list. As so, we remove C1_1 from the removed object list,
append it to to the association where C0_1 is. Therefore this second association
inherits global ID 1.

We can summarize the object association update with Algorithm 1.

5.3.4 Scaling to More Cameras

Over the course of this chapter we have developed and tested a multiple camera

tracking system using two cameras with overlapping �elds of view. As our goal

for this system is for it to be deployed in large areas we have to consider how it

scales to more than two cameras. Two of the pipelines automatically scale with-

out further alterations: the single-camera tracking pipeline and the information

synchronization pipeline. However, the global track assembly pipeline requires

additional considerations in order to be scaled. The modi�cations are simpler for

the one-shot association algorithm, �rstly introduced in section 5.3.3: the only

adjustment needed is to manually perform the mapping for all the grids of the

cameras with adjacent �elds of view. However, when scaling to large amounts
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Algorithm 1 Object Association Update

1: function update_object_association(association_list)
. Sort the new association list by the age of the oldest object in each

association
2: association_list.sort()
3: removed_objects = []
4: for obj1, obj2 in objects do
5: if association_already_exists(obj1, obj2) then
6: update_object_info(obj1, obj2)
7: continue
8: end if
9: if obj1 in removed_objects obj2 not in removed_objects then

10: previous_association = get_association_(obj2)
11: append_to_previous_association(obj1)
12: update_object_info(obj1, obj2)
13: continue
14: end if
15: if obj2 in removed_objects obj1 not in removed_objects then
16: previous_association = get_association_(obj1)
17: append_to_previous_association(obj2)
18: update_object_info(obj1, obj2)
19: continue
20: end if
21: if obj2 in removed_objects obj1 in removed_objects then
22: new_association(obj1, obj2)
23: global_id += 1
24: continue
25: end if
26: older, newer = order_by_age(obj1, obj2)
27: if already_in_association(older) then . get the newer pair of the

previous association in which older was
28: obj_to_remove = get_previous_newer_pair(older)
29: if object_to_remove is not None then . remove the newest pair

from the previous association
30: removed_objects.append(object_to_remove)
31: if already_in_association(newest) then
32: remove_object_from_previous_association(newer)
33: end if
34: append_to_previous_association(newer)
35: update_object_info(obj1, obj2)
36: end if
37: end if
38: end for
39: end function
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of cameras this manual mapping becomes unpractical. A good alternative is to

employ planar homography techniques in order to align the �elds of view, as made

in (S. M. Khan, Yan, & Shah, 2007; Eshel, Moses, & Arazi, 2008; Detone & Ra-

binovich, 2016). For the adaptable distance matrix algorithm of section 5.3.3 the

alterations are more noticeable. Here we need one distance matrix for each pair

of cameras with adjacent �elds of view. Therefore, if we have three cameras, and

all of them have overlapping views with each other, we will have three distinct

matrices. Additionally, in order to correctly update the correspondence between

local IDs and global IDs for all cameras, we need to consider information from all

the �elds of view simultaneously and perform the updates based on information

from all cameras. As the present work is ongoing, adding more cameras is the

next step in order to further develop a system capable of handling multiple object

tracking in large areas.
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Results

We split this chapter into two main sections: �rstly, we present the process of

building the datasets which were later used in order to train and evaluate the

models. We discuss how the data was gathered, labeled and the �nal structure

for each of the types of data annotations. Secondly, we present the results of

the evaluation of the algorithms used in the present work. We evaluate all the

components -detection, appearance and tracking models- separately. As we have

no benchmark we use our own custom data test sets for each of the model types.

6.1 Datasets

The datasets are a crucial factor for the success of the present work, which is

composed, for the most part, of data-driven models, namely the used detectors,

trackers and appearance models. The datasets provide a way to train and eval-

uate these models. The sections below describe how we built them, namely the

pipeline for data gathering and data labeling, how this process evolved over time,

how the models were trained and the challenges regarding these tasks. There
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are currently quite a few tracking datasets available, namely the Visual Ob-

ject Tracking (VOT) dataset (Kristan et al., 2017), and Object Tracking Bench-

mark (OTB) (Wu, Lim, & Yang, 2015) for visual object tracking, and the Stan-

ford Aerial Pedestrian Dataset (Robicquet, Sadeghian, Alahi, & Savarese, 2016),

the Multiple Object Tracking (MOT) dataset (Milan, Leal-Taixe, et al., 2016),

DukeMTMC dataset (Ristani, Solera, Zou, Cucchiara, & Tomasi, 2016) or the

KITTI dataset (Geiger, Lenz, Stiller, & Urtasun, 2013) for multiple object track-

ing. Furthermore, for the tasks of image classi�cation and object detection, there

are even more datasets available, such as the Pascal dataset (Everingham et al.,

2014), the ImageNet dataset (Russakovsky et al., 2015), or the COCO dataset (Lin

et al., 2014), and many others. Additionally, there are also multiple person re-

identi�cation datasets available: the VIPeR dataset (Beeck, Engeland, Vennekens,

& Goedem, 2017), the Market1501 dataset (Liang Zheng, 2016), or the MARS

dataset (Zheng et al., 2016).

However, to the best of our knowledge, there are currently no top-view multiple

camera tracking dataset publically released, that also satisfy the requirements of

having overlapping �elds of view between cameras, and that are compliant with

other requirements of the present work (e.g., cameras should not be placed too

high up).

For this reason, one of the key points of the present work was to build the necessary

datasets. The process of building a dataset from scratch is a challenging and

iterative one: the �nal datasets used for the present work were continuously built

upon over the period of one year. Furthermore, for the models to produce the

desired results, the data not only has to be large in size, but also be varied and

clean, and that takes a lot of time and e�ort. A good dataset can only be achieved

by continuously accumulating, cleaning, and balancing data in an iterative process:

feeding data to a model, observing its behavior and how it reacts to that data,

isolate failure cases, create new data to neutralize those failures, possibly go back

to the previous data and clean it further, forming one big data creation loop.
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Figure 6.1: Camera �elds of view.

6.1.1 Environment Setup

The �rst step in order to collect datasets, develop algorithms, and test models

was to assemble a controlled test environment. This setup was assembled at the

INOV-INESC entrance area, which is situated in a Lisbon building where hundreds

of di�erent people go through daily. The setup consists of two top view �sh-

eye cameras which provide live video streams, accessible in real time via RTSP

protocol. Both cameras are Dahua, model DH-IPC-HDBW4431R-ZS and model

DH-IPC-HDW5431R-Z, and both have 4 Megapixels and provide H.264 support.

The cameras are set to a height of about 3 meters and, between both cameras, we

achieve a coverage of about 15 m2 of the area �basically the entirety entrance area.

The cameras were assembled in a way so that their �elds of view are overlapped

as shown in Figure 6.1.

In order to harvest data to label, we employed a script which ran three times a

day, during rush hours, for the period of one hour, read frames from the live RTSP

streams and stored them in a storage system.

6.1.2 Data Formats

Before data can be labeled, it is important to consider that all three types of

models �detection, tracking, and appearance models� require speci�c input �le

data formats in order to be trained.
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Out of the three, the simplest scenario is a object detection dataset: in order

to train an object detection model we need a �le that maps the frame location of

objects which we need the algorithm to detect �the coordinates of bounding boxes

enclosing object of interest (x_min, y_min, x_max, y_max)� to the image �les

�the frames themselves�, and frame order does not necessarily matter.

The tracking models require extra information: Additionally, to the mapping

of the bounding box to the image �le, each bounding box enclosing each object

must be associated to an object identi�er, which will be used to discriminate

between object identities. Here, frame order matters, as some of the used trackers

learn to track objects from the movement of these objects �i.e. how each object

changes position and appearance from frame t − 1 to frame t. As so, the �nal

tracking dataset is composed of a �le that links frames to tracklets, i.e. sequences

of bounding boxes of the same object ID in multiple adjacent frames, or in other

words, fragments of tracks. Note that the track of one object begins when an

object enters the �eld of view and ends when this object exits the �eld of view. If

after leaving the �eld of view, an object re-enters, it is given a new tracking ID.

Building datasets for the appearance models is more challenging than for both

detection and tracking models. These models require thousands of identities and

hundreds of examples for each identity. Additionally, each identity should have

examples from multiple camera viewpoints so that the models can learn di�erent

representations for the same object. Each identi�er is not only composed by one

tracklet as in the tracking dataset case but by every tracklet belonging to that

object �in contrast to the tracking dataset, when an object re-enters the �eld of

view after it has left, it should be given the same ID it had previously. So in

order to build this dataset, one must continually re-identify objects that enter the

�eld of view and try to match them with previous objects already labeled, and

this process should be repeated for multiple camera viewpoints. Similarly to the

tracking dataset, the �nal dataset for the appearance models should be composed

by a �le that maps frames to bounding boxes with IDs, but to a much greater

scale since one ID is composed by all available tracklets of that object in one video

sequence. Furthermore, for easy access, frame crops should be stored in a directory
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Figure 6.2: Data labeling pipeline. The �rst task consist of manually generating
the �rst labels, as a completely untrained model will not be able to make accurate
predictions. Secondly, labeled data is fed to the model so that it can be trained.
The third step is to have the trained model generate predictions for new, previously
unseen data, and �nally, those predictions have to be manually cleaned and �ltered,
in order to be concatenated with the previous dataset.

tree: each object identi�er has its own directory and using the generated bounding

boxes, frames are cropped and those crops are saved into the respective directory.

6.1.3 Labeling Data

In order to label large amounts of images retrieved from the RTSP streams, and

make this process the less human labor intensive possible, there was the need to

create a data labeling pipeline, which is represented in Figure 6.2. At a high

level, this pipeline is applied to all three types of models �detection tracking and

appearance models. Overall, for all the model types, this process is composed by

4 sub-tasks: manually generating the �rst labels, training the model with that

data, having the model generate predictions on previously unseen data and �nally

cleaning and �ltering those predictions so that they can be concatenated with the

original dataset. However, it is necessary to consider that speci�c implementation

requisites vary from model to model, essentially creating sub-pipelines for each

model. These are described in the sections below.
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Figure 6.3: Labeled detection frames.

6.1.4 Manually generating labels

This step is necessary as completely untrained models or models pre-trained with

datasets such as ImageNet (Russakovsky et al., 2015) or COCO (Lin et al., 2014),

will not be able to make predictions on our custom data that are accurate enough

to easily be concatenated with previous data. In other words, it is simpler and

quicker to hand-draw the �rst labels than to extensively clean and correct wrong

predictions. As so, this step was applied for the detection and tracking models,

but with a slight di�erence.

Detection Models: For the detection models, the �rst labels were generated

in a fully manual manner: 2000 frames were selected, and bounding boxes were

manually drawn in each frame, frame to frame. There are diverse image labeling

programs available, however, for convenience reasons, a custom script with a la-

beling interface was created. This was done so that the output is created in the

correct format, and there is no need to run any post-processing. This script en-

ables the user to list and browse frames and draw bounding boxes over these. As

each frame is labeled, labeling information is written to the output �le, containing

the image path and the respective bounding box coordinates. A few examples of

labeled detection model data are represented in Figure 6.3.

Tracking Models: Generating the �rst labels for the tracking models is a slightly

di�erent process. Recall that the output �le format for these models consists of,

for each frame, bounding box coordinates as well as the object identi�ers and some

sort of timestamp, which speci�es a reference of order in the frames. Having a

trained detection model, there was no need to generate bounding boxes for the

tracking data in a fully manual manner. Instead, a trained detection model is

employed to generate detections for the tracking data. The labor-intensive task
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Figure 6.4: Labeled tracking sequence.

resides in labeling each bounding box in every frame with an object identi�er,

in order to create the tracklets, as represented in Figure 6.4. Similarly to the

interface used to crate data for the object detection models, another interface

was implemented in order to link bounding boxes, object identi�ers and frame

identi�ers for the tracking models. This program allows to list frames and input

tracking identi�ers for each bounding box in an image and writes this information

to the output �le in the correct format.

Appearance models: The appearance model data labeling process builds upon

both detection and tracking labeling processes. Recall that the objective is to

link tracklets that belong to the same object: as so, the �rst step is to run the

detection and tracking models, which output these tracklets. The remaining steps

are to link together tracklets that belong to the same object, link these tracklets

through multiple camera viewpoints, crop all the frames using the bounding boxes,

and store these crops in a directory structure. The �nal data looks similar to the

example represented in Figure 6.5. In order to perform these steps in the fastest

way possible, another interface was created: this interface shows crops of frames

containing objects from each tracklet to the user and asks for the �nal object

identi�er for that object. At the same time, in order to facilitate this task, it

allows the user to browse previous object identities. Once the user inputs the

information �frame �lenames, frame IDs, bounding box coordinates, and object

IDs�, it is written to the output �le. Furthermore, frame crops are written to the

directory structure, in the directory respective to that object identi�er.
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Figure 6.5: Appearance model dataset samples belonging to the same ID. The
samples are taken from di�erent cameras and were already resized in order to be
fed to the networks.

6.1.5 Label generating loop

Once the initial labels are created, the remaining processes are a constant data

enlargement loop: training the models, having them predict on new data, clean

the predictions and concatenate clean predictions with existing data. This process

can be considered a form of Semi-Supervised Learning (SSL) and more concretely

Pseudo Labeling, in which, the purpose is to label unlabeled data using a model

trained on some labeled data. There are a variety od di�erent strategies to SSL,

namely Co-training (Blum & Mitchell, 1998): in this work two di�erent classi�ers

are trained on di�erent views of the data, and used to generate new training data.

In the present work, a similar strategy was used: three di�erent object detection

models are trained on three di�erent sets of data. These models are then shown

new data and asked to create new predictions. The �nal label is a combination

of all predictions: we check if all models agree on the predictions: to do this, as

bounding boxes produced for the same object may vary in coordinates, we employ

an IOU overlap between predictions, and if this overlap is greater than a pre-

speci�ed threshold we consider that the produced bounding boxes correspond to

the same detected object. If all models agree with the bounding box prediction,

the �nal bounding box will be the average of all the bounding box coordinates in

each of the predictions. If two models agree, then the �nal bounding box will have

as coordinates the average of the all respective bounding box coordinates in those
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two predictions. If only one model predicts a bounding box, it is assumed that no

object exists in that location.

This strategy saves time and human labor, however, there still has to be fully

manual cleaning stage, in order to make sure that data is valid and clean. To

this end, a data validation interface is created: the user is shown all bounding

box predictions, frame by frame, and can choose to accept them as valid, if the

bounding box is correct, redo them if the bounding box is not in the right place, or

reject them if the bounding box is prediction is wrong. This strategy is mainly used

to generate detection data since detentions are the base for both object tracking

and appearance model data, however, it can be extended to these tasks as well.

In this way, some relief in human labor is achieved by making data enlargement

process semi-automated.

6.1.6 Labeling Conventions

One of the challenges with the process of creating a dataset from scratch is to

de�ne conventions and standards in order to make sure that data is balanced,

clean and consistent throughout. One of these decisions lies in what labels are

chosen to be in the data. Note that this is important to consider since the

images are taken by top view �sh-eye cameras, and therefore if a person is in the

peripheries of the �elds of view, it is likely that only the legs or the arms are visible,

as shown in Figure 6.6. In many cases there is not one really clear solution, and

as so is necessary to analyze a few variants in order to decide what labels two use

and how to use them.

One of the variants is to introduce Leg or Arm labels for the cases when only one

leg and or one arm are visible. However, this introduces additional complexity as

a new set of rules and conditions should be met when deciding if a person should

be detected in the �eld of view or not: if two legs and two arms then person.

Furthermore, if this process is done for legs or arms, then it should also probably

be done for the class Head or Torso as well. As so, instead of designing a set
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Figure 6.6: Examples of data with people only in the peripheries of the �elds of
view.

of rules and in order to avoid unnecessary complexity, as a neural network can

be successfully trained for one class, Person, and if the examples in this class do

not contain small fragments of people, for instance only one foot, it was decided

the most viable solution was to have one single class Person in which examples of

partially occluded people are present only if half or more of the person is visible.

This excludes every case in which only shoes and legs are visible.

Another problem to consider is data variety. Most of the occurring situations

are of people entering or exiting the building �recall that this is an entrance area�,

and to do so they take the quickest way out or in, as in the sequence represented

in Figure 6.7. As so, these situations are inevitably going to be over-

represented in the data if we get it at random from the RTSP streams. In

order to make sure data is varied when building the dataset, we need to be very

particular with the chosen examples to make sure that one type of data is not

over-represented and another is not underrepresented. With this in mind, many

of the chosen examples are taken from rush hours, particularly the lunch hour: it

is common for groups of people to wait by the entrance and to move more freely

in the �elds of view. Another example of this problem is underrepresented

situations. These are important to keep in mind since if not enough examples

are given to the network, it may struggle at test time. One of these problems is

that it is fairly uncommon to have people very close together, for instance greeting

each other or handshaking, as represented in Figure 6.8.

This particular type of situations consistently presented itself as a failure case.

These are not only di�cult to �nd due to being uncommon, but are di�cult
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Figure 6.7: Common data sequence. People generally take the quickest way in
from the turnstiles to the stairs and vice-versa.

Figure 6.8: Example of data with people very close to each other from two di�erent
cameras taken at the same time.

to deal with label-wise, since if a bounding box is drawn around one person, it is

going to end up having some fraction of the other person inside it �and this type of

situation is challenging for the detectors. Firstly, to deal with the bounding boxes,

two options are available: the �rst one is to draw the bounding box ignoring the

fact that another person is in that bounding box as well, and the second is to try

to draw the bounding boxes in a way that there is the minimum possible fraction

of another person in that bounding box. The options that present fewer problems

is the second one as if we start including two or more people in one bounding box,

and if there are enough examples like this in the training data, the network may

start to have problems discriminating between what is one person, and what is

a set of people. As for the underrepresentation problem, since the data from the

streams by nature has this uneven distribution, the answer lies in concisely trying

look for the maximum possible number of these examples, possibly arti�cially

staging them and employing data augmentation techniques (Perez & Wang, 2017)

in order try to balance out the data to the maximum.
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6.1.7 Final Datasets

After these processes, we now have three di�erent datasets:

• A detection dataset, consistent of 41158 bounding box annotations, with an

average of 1.55 annotations per frame;

• A tracking dataset, with 4660 bounding box annotations, 147 person IDS,

an average of 40 annotations per ID and an average of 1.7 people in each

frame;

• An appearance dataset, with a total of 294 person IDS, with an average of

114 frame crop samples per ID.

6.2 Performance Evaluation

Over the next sections, we present the results of the evaluation of the employed

algorithms. We discuss the used methodologies and present the results for each of

the di�erent types of model separately.

6.2.1 Hardware Speci�cations

Since training CNNs is a computationally heavy process, witch resorts to many

large-scale matrix operations, it is remarkably hard to complete the training using

only a CPU. For this reason we built, trained and evaluated all the models using a

NVIDIA GeForce GTX 1080 Ti GPU, 16GB of RAM and an Intel Core i5-7600K

CPU provided by INOV-INESC.
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6.2.2 Object Detection Performance

In order to evaluate the detectors, we employ the Mean Average Precision (mAP)

metric which is widely accepted as a standard evaluation metric for object de-

tectors (Everingham, Gool, Williams, & Winn, 2010; Russakovsky et al., 2015).

This value is computed by calculating Average Precision for each class and then

computing the mean across classes. As we only work with one class ("Person")

the mAP values will be equal to the AP values. This value tells us how good

are the detections produced by the models. Speci�cally, the predictions produced

by the model on the test set are compared to the ground truth annotations, and

intuitively, if a ground truth bounding box is highly overlapped with a prediction,

this prediction is good. In order to decide whether the produced predictions are

good or not, �rstly, the following values are computed:

• True Positives (TP): This value is incremented every time a bounding box

highly overlaps with the ground truth - generally an IOU value of 0.5 is

considered;

• False Positives (FP): This value increments each time a produced bounding

box has an IOU of less than 0.5 with its corresponding ground-truth, or if

this the ground truth has already been associated to another detection;

• False Negatives (FN): This value increments every time the method fails to

produce a bounding box that is in the ground truth.

With these values �model bounding box predictions, respective con�dence scores,

and correspondence TP, FP or FN classi�cation� an ordered list is built which is

used in order to compute precision and recall. Precision an recall give us good

intuitions about the model behavior: if a model has high precision, then there is a

high chance that bounding box predictions by that model are correct. If the recall

score is high, on the other hand, then there is a high chance that all objects in the
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dataset are correctly detected. More speci�cally, we compute the raw precision-

recall curve as well as the �nal interpolated precision-recall curves. The �nal mAP

value is computed from these curves1.

Recall from Chapter 4 that we employ and two main detection architectures: an

SSD detector with an Inception-V2 feature extractor and a Faster R-CNN detector

with a ResNet101 feature extractor. Following the work in (J. Huang et al., 2017),

we know that the Faster R-CNN model is noticeably slower than the SSD model.

As we would like to maintain the highest mAP possible with the highest possible

speed, we proceed to instigate how the Faster R-CNN model can be modi�ed in

order to achieve speeds similar to the SSD model while maintaining accuracy. For

this reason, the next tests involve adjusting the parameters in the Faster-RCNN

Resnet model in order to examine how these impact the results. As the goal is to

maintain accuracy, even when objects of interest are very close together in the �eld

of view, as well as speed up the model inference process, the two main parameters

that can be tweaked to modify the results, and that can, therefore, have a greater

impact on the model behavior are the following:

Number of candidate region proposals: The Faster R-CNN model has a

subcomponent responsible for generating region proposals where objects might

be located. This is called the region proposal network (RPN), and it employs

a combination of default anchor boxes at di�erent scales and sizes in order to

search the image for these objects of interest. Intuitively, the greater the number

of proposals, the longer the network will need to compute them. Similarly, the

greater the number of proposals, the more accurate the results will be, as we are

covering a larger area in the image with the bounding box hypothesis. The original

Faster R-CNN Resnet model employs 300 proposals. The work in (J. Huang et

al., 2017) noted that this value can be lowered in order to speed up the models

without compromising mAP results. As so, we experiment with a few di�erent

numbers of proposals in order to decide what works best for our dataset: we train

models with 300, 100 and 20 candidate region proposals.

1https://medium.com/@timothycarlen/understanding-the-map-evaluation-metric

-for-object-detection-a07fe6962cf3
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Model Code Num Proposals First IOU Threshold Second IOU Threshold

F-RCNN1 300 0.7 0.6
F-RCNN2 100 0.7 0.6
F-RCNN3 20 0.7 0.6
F-RCNN4 300 0.4 0.3
F-RCNN5 300 0.3 0.2

Table 6.1: Faster R-CNN Resnet 101 parameter variations.

NMS threshold: After candidate regions are proposed, the Non-Maximum Sup-

pression (NMS) step is responsible for merging together all detections that belong

to the same object, in order to suppress the lowest scoring detections and avoid

False Positives. The NMS algorithm takes detections with the highest scores and

suppresses the neighbor detections with lower scores. To do so, it calculates the

IOU between the highest scoring detection and its lower scoring neighbors. If this

IOU value is greater than the considered threshold, the lowest scoring neighbor

detection is removed. As so, this step can heavily in�uence the model behavior on

very close, overlapping objects, and yield only one bounding box where there are

two objects close together. We want to understand what is the impact of lowering

the NMS threshold value, as so, we used the best of the previous models �Faster

R-CNN Resnet� and, in addition to the our base Faster R-CNN Resnet model,

which uses an �rst-stage IOU threshold of 0.7 and a second-stage IOU threshold of

0.6, we trained two additional Faster R-CNN Resnet models: one with a �rst-stage

NMS threshold of 0.4 and second-stage of 0.3, and the second with a �rst-stage

NMS threshold of 0.3 and second-stage threshold of 0.2.

In sum, we evaluate 5 di�erent variations of the Faster R-CNN Resnet model and

compare it to the default SSD model to in order to investigate if any of these can

still achieve better accuracy at a higher frame rate on our test datasets. These

models are summarized in Table 6.1.

Detection Results

We begin by evaluating all the models on the test set dataset. The full detection

dataset has a total of 41158 examples, which was split into train and test sets.
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Figure 6.9: Additional sequence used to evaluate the detectors.

Model step mAP Test set mAP sequence FPS Avg time Frame

SSD 187.1k 0.9856 0.9868 80.2482 0.0124
F-RCNN1 338.9k 0.9889 0.9910 9.6100 0.1040
F-RCNN2 1.07M 0.9263 0.8877 14.8107 0.0675
F-RCNN3 217.4k 0.9795 0.9771 30.0744 0.0523
F-RCNN4 386.7k 0.9832 0.9880 9.3418 0.1070
F-RCNN5 642.1k 0.9827 0.9904 8.9970 0.1111

Table 6.2: Detection mAP results on the test set and additional sequence with
multiple overlapping targets.

All the models were trained on the same train set of 32999 examples and are

now evaluated on the test set of 8159, which was sampled at random from the full

dataset. As we also needed to better evaluate how the models behave in the speci�c

scenario when, multiple people, close to each, other cross the �eld of view, we

build an additional test sequence. This sequence is formed by 797 annotated

frames and is representative of one of the hardest cases for the detectors: the

case where 8 people simultaneously cross the �eld of view, and therefore, multiple

people are overlapped with each other. A fragment of this sequence is represented

in Figure 6.9. For the object detectors used in the present work, these types

of sequences are hard due to the Non-Maximum Suppression (NMS) step, which

can heavily in�uence the model behavior on very close, overlapping objects. We

present the results in Table 6.2.

Analyzing the results, we conclude that the most accurate model, with 0.991%

mAP, is still the F-RCNN1 �300 proposals and 0.7 and 0.6 IOU thresholds� how-

ever this is the second slowest model with 9.6 FPS. We are able to speed up this

model from 9.6 FPS to 14.8 FPS and 30 FPS by using, respectively, 100 and 20
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(a) F-RCNN1 (300 proposals, 0.7 & 0.6

IOU NMS thresholds.

(b) F-RCNN2 (100 proposals, 0.7 & 0.6

IOU NMS thresholds.

(c) F-RCNN3 (20 proposals, 0.7 & 0.6 IOU

NMS thresholds.

(d) F-RCNN4 (300 proposals, 0.4 & 0.3

IOU NMS thresholds.

(e) F-RCNN5 (300 proposals, 0.3 & 0.2

IOU NMS thresholds.
(f) SSD Inception.

Figure 6.10: Examples of di�erent detector predictions on the same frame.

proposals in the F-RCNN2 and F-RCNN3 models, instead of the original 300 while

maintaining the 0.7 and 0.6 IOU NMS thresholds. This, however, degrades mAP

from 0.991 to 0.88 and 0.97 respectively. We also conclude that, while lowering

the NMS IOU threshold in the models that use, respectively, 0.4 and 0.3, and 0.3,

0.2 NMS IOU thresholds (F-RCNN4 and F-RCNN5), achieves better mAP than

lowering the number of proposals, it degrades speed, lowering it from the original

9.6 FPS to 9.3 and 8.9 FPS respectively. The fastest model is still the Inception

SSD model, which achieves 80 FPS, and is the 4th most accurate with 0.986, sur-

passed by F-RCNN1 model with 0.991 mAP (300 proposals and 0.7 and 0.6 IOU
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thresholds), F-RCNN5 model with 0.990 mAP ( 300 proposals, 0.3 and 0.2 IOU

thresholds), and the F-RCNN4 model with 0.988 mAP (300 proposals, 0.4 and 0.3

IOU thresholds). In sum, despite not being able to speed up the Faster R-CNN

Resnet model to Inception SSD speeds and maintain mAP, we conclude that low-

ering the number of proposals speeds up the model and also lowers mAP: lowering

the number of proposals improves the speed but degrades mAP. An example of

an inference of each of the models is represented in Figure 6.10. In this Figure

we can see, that, despite the models with higher IOU NMS thresholds achieving

higher overall mAP, the models with lower NMS IOU thresholds do better with

very close overlapping objects, speci�cally the F-RCNN4 model. Our conclusion

with these tests is that the choice of model, and of model parameters should be

aligned with the concrete examples of the real data the model will be used on. In

the case of our datasets, despite having some overlapping objects, most cases are

not like this. As so, using a model that does better speci�cally on these cases,

which represent a smaller percentage, will damage model performance on the most

cases with non-overlapping objects.

6.2.3 Appearance Model Performance

As we train the appearance model in two stages the model evaluation is also

performed in two stages. The �rst stage corresponds pre-training the model on

the MARS dataset (Zheng et al., 2016), which contains 1500 identities, as it would

be less e�ective to train on our smaller dataset �316 identities� from scratch. The

second corresponds to the �ne-tuning of this model on our own appearance dataset.

We pre-train the model on the MARS dataset for about 160000 iterations, until

the loss and classi�cation accuracy converge. Then we proceed to re-train the

same model on our dataset. The evolution of the classi�cation accuracy and cross

entropy loss during training is represented in Figure 6.11 and the �nal values

achieved by the models are presented on Table 6.3.
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Figure 6.11: Appearance model training. The top row plots correspond to the
classi�cation accuracy and cross entropy loss of the process of re-training the model
on the custom INOV dataset. Bottom row plots correspond to the classi�cation
accuracy and cross entropy loss of the process of pre-training the model on the
MARS dataset.

Model Test Classi�cation Accuracy Cross Entropy Loss

MARS pre-training 0.977 1.732

INOV re-training 0.999 1.143

Table 6.3: Final values of classi�cation accuracy on the test set and cross entropy
loss while training on the MARS and re-training on the INOV datasets.

The classi�cation test set accuracy values are seemingly good. From these values,

we could assume that the models are almost perfect. However, we want to further

explore two intuitions: �rstly, we want to evaluate the e�ect more training and

more training data on the model performance, and secondly, we want to validate

the intuition that one sample belonging to one identity taken from one camera,

will always be more similar to another sample from the same identity in another

camera, than any other sample from any other identity in the dataset. This

is important as the appearance model is heavily used in order to link identities
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between cameras when performing inter-camera tracking. As so, the model should

yield higher similarities for crops belonging to the same object, even if they are

taken by di�erent cameras. In order to get a deeper understanding of these issues,

�rstly, we created 110 new identities, with crops from both cameras to test on.

Secondly, we select random pairs of crops belonging to the same identity from both

cameras �one sample in camera 1 and another in camera 2� for every identity in

the new dataset. Thirdly, we feed those crops to the network in order to produce

the features. And �nally, we compute the cosine distance between all possible

pairs of features, which produces a similarity matrix, which we represent as a heat

map. Ideally, the diagonal of this heat map should be more pronounced since the

diagonal corresponds to the distance between crops from the same identity, and

therefore we expect this distance to be considerably lower for the crops belonging

to the same objects. We perform this test four times:

• Firstly we take the model trained solely on the MARS dataset and compare

the cosine distance between the produced features for all identities taken

from our cameras. We do so to analyze how well the model trained solely

on the MARS dataset can generalize to data similar our own appearance

dataset;

• Secondly, we take the �ne-tuned model on our appearance dataset and re-

run the same test. We perform this test in order to evaluate the e�ect of

training data in the model predictions and to validate the need for a custom

dataset to train the model on, instead of training on a pre-existing dataset

such as MARS. Intuitively, the distance between features produced using the

same identities should be smaller, and the distance between features from

di�erent identities should be higher;

• Next we perform the same test using a randomly sampled fraction from our

train dataset instead of the new identities. Firstly we take the model trained

solely on the MARS dataset and run this test;
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(a) (b)

Figure 6.12: (a) Cosine similarity between features produced by the appearance
model trained solely on the MARS dataset. (b) Cosine similarity between features
produced by the appearance model pre-trained on the MARS dataset and re-
trained on our dataset. The bluer cells correspond to more similar features, and
red cells correspond to more dissimilar features.

• Finally we validate how well the trained model learned the train data. As

so, we perform the same test as the above using the trained model and a

fraction of the train data.

The heat maps produced by the �rst two tests are represented in Figure 6.12.

Analyzing both heatmaps, the results are close to what is expected. The model

trained solely on the MARS dataset produces much more random results than the

model that was re-trained on our dataset. The retrained model generally yields

higher distance for di�erent identities, and smaller distance for the same, as we

can observe a more pronounced blue diagonal.

We represent the heat map produced by the trained model on the train data in

Figure 6.13. Here, as expected, the heat map diagonal produced by the trained

model on the train INOV data is much more pronounced and noticeable than for

the previous heatmaps. As so, we can conclude that the model successfully learned

the train data, and is adequate enough to generalize to previously unseen data.

However, the diagonal produced by the trained model on unseen data (Figure 6.12
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(a) (b)

Figure 6.13: (a) Cosine similarity between features produced by the appearance
model on the inov train set trained solely on the MARS dataset. (b) Cosine
similarity between features produced on the inov train data by the appearance
model pre-trained on the MARS dataset and re-trained on our dataset. The
bluer cells correspond to more similar features, and red cells correspond to more
dissimilar features.

(b)) could be much more pronounced. This leads us to conclude that, despite

being on the right track, the model needs to be trained on more data in order to

produce more accurate results.

6.2.4 Tracker Performance

MOT Evaluation Metrics

Objectively evaluating a Multiple Object Tracker, in comparison to other visual

recognition tasks, is not straightforward for several reasons (Milan, Schindler, &

Roth, 2013). Firstly, opinions may di�er when accounting for what the ground

truth should look like. As an example, imagine a scene with a great number

of people, many of which are occluded. This type of scenario will inevitably

lead to ambiguities in the ground truth annotations. For instance, the TUD-

Stadtmitte dataset (Andriluka, Roth, & Schiele, 2010) has many di�erent ground

truth solutions available, and they are all di�erent from one another (Milan et
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al., 2013). Another di�culty in evaluating and benchmarking trackers is that, in

many tracking datasets, partially occluded people are simply ignored, as is the

case with the TUD-Stadtmitte dataset (Andriluka et al., 2010) or the ETHMS

dataset (Ess, Leibe, Schindler, & Van Gool, 2008). Therefore, when considering

the ability of the tracker to track through, and recover from occlusions, the results

on these datasets do not provide an accurate result.

In the present work we have an additional challenge. Recall that we developed the

present work using our own custom dataset. As so, all the algorithms are trained

on our own custom data, and therefore will not produce accurate results on popular

benchmarks such as the MOT challenge (Milan, Leal-Taixe, et al., 2016), which

provide convenient detailed instructions on how to evaluate the trackers. Therefore

we have to create custom evaluation sequences and ground truths.

The main problem is �nding the best alternative to compare the tracker output

with the ground truth annotations. In the context of other visual recognition

tasks, for instance, when evaluating an image classi�er or object detector, we

can measure the similarity of the model prediction and the ground truth in all

frames independently, as the result in one frame does not depend on the result of

other frames. In MOT, however, in order to accurately evaluate the tracker, this

process has to be performed over all frames, as we are testing the ability that the

trackers have to track through many frames. To do so, and in order to compute

a basic evaluation, in addition to the ground truth annotations and the tracker

predictions, we also need to de�ne the distance used to compare annotations and

predictions. The distance function may incorporate many components so that the

evaluation is representative of di�erent kinds of error that the tracker may yield.

Many di�erent tracking evaluation approaches have been proposed over the years

(Stiefelhagen et al., 2006; Schuhmacher, Vo, & Vo, 2008; Yuan, Huang, & Nevatia,

2009). In the present work, we use the popular and widely accepted MOT evalua-

tion approach described in (Leal-Taixé et al., 2015) which is based on the CLEAR

MOT evaluation described in (Bernardin & Stiefelhagen, 2008). There are two

main metrics: MOTA (Multiple Object Tracking Accuracy) and MOTP (Mulitple
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Object Tracking Precision). Both metrics encompass di�erent error types and are

therefore a good representation of the overall performance shown by the trackers:

MOTA: The Multiple Object Tracking Accuracy combines three types of tracking

errors: false positives (FP), false negatives (FN) and identity switches. A false

positive occurs when the tracker produces a result that has no match in the ground

truth annotation. A false negative, on the other hand, happens when a tracker

fails to produce a result for an existing annotation. In order to decide whether or

not a output by the tracker corresponds to a ground truth annotation, a distance

metric is used. The most widely accepted is the Intersection over Union (IOU)

of the ground truth bounding box with the predicted bounding box. Usually, a

threshold of 0.5 is employed: if the intersection is greater or equal to the threshold,

then the correspondence is valid. An identity switch or a mismatch happens when

the tracker switches the identity of a tracked object. This may also happen when

an object is mistakenly given a new identi�er: for instance, when two objects

come close to each other and the tracker swaps their identities. In order to count

these errors a mapping from ground truth annotations to tracker predictions is

built, and every time this mapping is contradicted, a new identity switch error is

counted. If this error happens, the mapping is updated for the next iterations.

Then the �nal MOTA value computed over all ground truth objects in all frames

for a sequence is given by:

MOTA = 1−
∑

t(fnt + fpt + it)∑
t gtt

, (6.1)

where fnt, fpt, mt and gtt are the number of false negatives, false positives,

identity switches (mismatches) and ground truth objects at time t, respectively.

MOTP: The Multiple Object Tracking Precision describes the capacity that the

tracker has to predict accurate object locations independently of its capability to

maintain identi�ers. This can be seen as the average distance over all matched

ground truth/tracker prediction pairs, given by:
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MOTP =

∑
t,i d(gtti, p

t
i)∑

tmt

, (6.2)

where d(gtti, p
t
i) represented the distance between the ground truth and the pre-

dicted location for that ground truth, and mt represents the total number of

matches at time t.

Tracker Quality Metrics: We employ additional ways to measure the quality

of the trackers in comparison to the ground truth. Each track can be labeled as

one of three categories: Mostly tracked (MT), Partially Tracked (PT), and Mostly

Lost (ML) tracks. Additionally, we count the number of Fragmentations (FM).

These metrics describe how close each ground truth trajectory is followed by the

trackers.

• MT: The Mostly Tracked measure describes the number of ground-truth

trajectories correctly covered by the tracker for at least 80% of their lifespan;

• ML: The Mostly Lost measure describes the number of ground-truth trajec-

tories that are covered by the tracker for at most 20% of their lifespan;

• PT: The Partially Tracked measure describes the number ground-truth tra-

jectories correctly covered by the tracker between 20% and 80% percent their

lifespan (The number of tracks that are neither MT nor ML);

• FM: The number of Fragmentations is incremented each time the track of

a ground-truth is interrupted. In other words, the number of gaps in the

tracker prediction compared to the ground truth.

Precision and Recall: Additionally, we report precision and recall in the eval-

uation. Recall corresponds to the number of detected objects over the ground

truth number of objects. Precision corresponds to the number of detected objects

over the sum of the number of false positives and the number of detected objects.

Since the object identi�ers are important, we also report ID Precision and Recall

metrics:
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• IDP (ID-Precision): Corresponds to the ratio of tracker detection predictions

that are correctly identi�ed;

• IDR (ID-Recall): Corresponds to the ratio ground truth detections that are

correctly identi�ed;

• IDF1 (ID-F1 score): Corresponds to the ratio of correctly identi�ed detec-

tions over the average of ground-truth and tracker-produced detections.

Evaluation method

We evaluate our trackers on 17 tracking sequences captured from two cameras at a

10 FPS frame rate � 34 sequences in total between both cameras. These sequences

were captured over the course of two weeks, and hand-picked in order to include

both simple and hard examples, that we consider are representative of most of the

situations that occur daily. We manually generated tracking ground truth for each

of the sequences in order for the evaluation to be the most correct possible. We

run the evaluation on all 17 sequences simultaneously, which were concatenated

in order to better understand how the trackers behave over time, and how errors

can propagate from sequence to sequence. We run this evaluation for each camera

separately and then calculate the average. Recall that we evaluate three di�erent

types of tracker:

• The IOU tracker, which uses a simple IOU association of detection bound-

ing boxes and tracklet bounding boxes. We evaluate this tracker with two

di�erent IOU thresholds: 0.2 and 0.5;

• The GOTURN tracker, with there di�erent variations for the data associ-

ation step: IOU intersection threshold, appearance similarity score, and a

weighted sum of both appearance and IOU overlap. For the GOTURN IOU

overlap tracker, we evaluate two IOU thresholds: 0.2 and 0.5;

• The deep sort tracker, which employs a combination of Kalman Filter and

appearance modeling to solve the data association step.
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We do not provide the ground truth detection bounding boxes for the tracker, as

is done in di�erent tracking challenges (Leal-Taixé et al., 2015), since our goal is

to evaluate the overall system performance. We want the detection to be a part of

the pipeline as it provides a more realistic representation of the type of behavior

that the system will demonstrate when it runs on real data: when the system runs

on real data there will be no ground truth annotations, only the results from the

detection. As so, instead of providing ground truth detection annotations, we have

the detection model solve the detection step and provide the bounding boxes to

the trackers. Recall from the detection evaluation section, that the Faster-RCNN

Resnet 101 model with 300 proposals and 0.7 and 0.6 IOU thresholds achieves the

best mAP value, while the Inception SSD model achieves the highest speed while

maintaining a pretty high mAP value �not the best, however. We, therefore, run

the tracker evaluation for all tracking models two times: one for the Faster R-CNN

Resnet 101 model and another for the Inception SSD model. This will allow us to

better understand if the mAP value achieved by the SSD model is high enough to

produce good tracking results, or if we have to maintain the Faster R-CNN model,

which has great mAP but slower speed.

In order to evaluate the trackers, we employ the py-motmetrics package 2, which

provides a large variety of evaluation metrics, compatible with the metrics used in

the MOTChallenge.

Tracking Results

Tracking evaluation results are represented in Table 6.4. Firstly, we analyze the

most descriptive metrics: MOTA and MOTP. Both top scoring trackers with these

metrics, utilize, non-surprisingly the Faster R-CNN Resnet 101 detector. The

highest MOTA of 86.7% is achieved by the GOTURN tracker that employs an

IOU overlap association metric of 0.2. The highest MOTP value belongs to the

GOTURN tracker that employs a weighted sum of both appearance features and

IOU bounding box overlap with 86.7%. However, examining the FPS value, neither

2https://github.com/cheind/py-motmetrics
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Figure 6.14: Tracking sequence example.

IDF1 IDP IDR Rcll Prcn GT MT PT ML FP FN IDsw FM MOTA MOTP Hz

goturn-iou-02-ssd 84.6% 84.1% 84.7% 92.2% 91.8% 120 101 18 1 532 506 79 116 82.8% 86.018% 42.554
goturn-iou-05-ssd 54.2% 53.9% 54.3% 91.9% 91.7% 120 100 19 1 541 523 938 127 69.2% 86.015% 41.972

goturn-appearance-05-ssd 76.5% 77.2% 75.5% 89.9% 92.2% 120 91 27 2 493 657 163 170 79.8% 85.961% 38.519
goturn-ws-05-ssd 79.6% 79.2% 79.8% 92.2% 91.8% 120 102 17 1 532 505 184 118 81.2% 85.993% 39.388
deep-sort-ssd 85.2% 87.2% 83.1% 86.9% 91.6% 120 72 46 2 519 851 59 92 78.0% 80.131% 50.553
iou-05-ssd 57.5% 57.1% 57.8% 92.6% 91.7% 120 102 17 1 546 483 952 105 69.5% 85.997% 55.694

goturn-iou-02-faster-rcnn 89.3% 86.3% 92.1% 97.1% 91.3% 120 115 4 1 602 187 76 50 86.7% 88.475% 7.036
goturn-ws-05-faster-rcnn 82.8% 80.0% 85.4% 97.1% 91.3% 120 115 4 1 603 188 203 52 84.7% 88.468% 6.812

goturn-appearance-05-faster-rcnn 81.5% 79.7% 83.0% 95.1% 91.6% 120 106 13 1 564 317 160 96 84.0% 88.462% 6.734
deep-sort-faster-rcnn 91.1% 89.9% 92.0% 92.9% 91.1% 120 103 16 1 592 460 37 60 83.2% 80.881% 7.109
iou-02-faster-rcnn 53.2% 51.3% 55.0% 97.4% 91.2% 120 115 4 1 610 167 1057 39 71.7% 88.462% 7.519
iou-05-faster-rcnn 51.7% 49.9% 53.5% 97.4% 91.2% 120 115 4 1 610 167 1115 39 70.8% 88.462% 7.656

Table 6.4: Single camera tracking evaluation. The top half corresponds to the
tracking results retried using an Inception V2 SSD detector. The bottom half
corresponds to the tracking results retrieved using a Faster R-CNN Resnet 101,
with 300 proposals, �rst IOU NMS threshold of 0.7 and second IOU threshold of
0.6.

of the trackers that employ the Faster R-CNN Resnet 101 detector achieve an

FPS rate higher than 10 FPS, with the fastest tracker being the basic IOU overlap

tracker with 7.656 FPS. Recall that the that the Faster R-CNN detector works

at a 9.6 FPS rate, which means that most of the time is spent on the detection.

As the input videos have a frame rate of 10 FPS, this automatically disquali�es

all the Faster R-CNN Resnet 101 based trackers from being classi�ed as real-

time. A few examples of di�erent tracker predictions on the same frame sequence

are represented in Figures 6.16 to 6.18. The ground truth annotations for this

sequence are represented in Figure 6.15. In these sequences, we can observe that

the GOTURN tracker with an IOU a�nity metric is the closest to the ground

truth identities. The GOTURN tracker with an appearance a�nity metric loses

one of the tracked identities in later frames, while the deep sort tracker su�ers

from an identity switch during the sequence.
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Figure 6.15: Ground truth identities.

Figure 6.16: Tracking sequence example� Predictions made by the GOTURN
tracker with an IOU A�nity Measure.

Figure 6.17: Tracking sequence example� Predictions made by the GOTURN
tracker with an appearance feature distance a�nity measure.

Figure 6.18: Tracking sequence example�Predictions made by the Deep Sort
tracker.

109



Chapter 6. Results

6.2.5 Multi-Camera Tracking Performance

In this section, we evaluate the performance of the two multi-camera tracking

algorithms. Recall that we have two algorithms to evaluate: the single shot as-

sociation algorithm and the adaptable distance matrix algorithm. Our goal is to

have the multi-camera tracking algorithms track objects smoothly through all of

the camera views, similarly to the single camera tracking algorithms. however,

in this scenario, the object identities should be extended through various �elds of

view. In order to evaluate the multi-camera algorithms, we employ an evaluation

scheme similar to the single camera tracking algorithms.

Firstly, we employ the same 17 tracking sequences, which ground truth we adapted

for the multi-camera context. In other words, to scale these sequences for multi-

camera evaluation, we mapped every ID in one camera to every ID in another,

which resulted in one ground truth �le for both camera views. This is possible

as at sequence capture time, we retrieved the PTS for each frame, and for this

reason, we are able to synchronize the sequences of both cameras in time and map

the IDs between cameras. The resulting ground truth is one single �le for both

cameras, which contains the ground truth object IDs and bounding boxes for each

frame.

Secondly, we have the single camera tracking algorithms generate predictions and

send it to the multi-camera tracking module. More speci�cally, we employ the

detector/tracker combination which achieved the best results in real-time: we

employ the SSD detector with the GOTURN Tracker with IOU association metric.

We then have both multi-camera tracking algorithms generate predictions using

these single camera tracking results, and write the predictions to a �le �we use the

same �le for both cameras.

Lastly, we compare both �les �ground truth and the generated predictions� using

the py-motmetrics package.

The results of the evaluation of both algorithms are presented in Table 6.5. Firstly,

notice that these results are much worse all-around when compared to the single
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IDF1 IDP IDR Rcll Prcn GT MT PT ML FP FN IDs FM MOTA MOTP

single shot 61.2% 62.0% 59.5% 85.3% 90.3% 65 46 18 1 595 954 880 297 62.6% 80.351%
matrix 63.2% 61.5% 65.4% 90.7% 84.6% 65 55 10 0 1069 605 1015 278 58.6% 80.395%

Table 6.5: Multiple camera tracking evaluation.

camera tracking results. This is expected, as these algorithms run on top of the

previous and are given the already not perfect results of the single camera tracking

modules to work with. Additionally, this task is one order of magnitude more

complicated than the previous, as here the results of both cameras are considered

simultaneously �we are not averaging the results of each camera�, and therefore

ground truth tracks are longer and have a wider motion range, which means that

the global IDs have to be sustained for a longer period of time.

The one shot association algorithm noticeably outperforms the adaptable distance

matrix algorithm on most the metrics. Namely, the MOTA result is 4% higher

for the one-shot association algorithm. We can explain this di�erence using other

three metrics: recall that this metric encompasses the False Positive, False Neg-

ative and Identity switches. Note that the FP count for the adaptable distance

matrix algorithm is nearly double the FP count of the one-shot association al-

gorithm. Additionally, ID switches are also much higher for the adaptable dis-

tance matrix. We infer that this is due to the ability for the adaptable matrix

to constantly correct itself and switch the global object IDs. This self-correction

algorithm is ultimately detrimental for the evaluation, which bene�ts low false pos-

itive and identity switch counts. Interestingly, this self-correction mechanism is

bene�cial for other metrics such as IDR, which correspond to the ratio of ground

truth detections that are correctly identi�ed and is 5% greater for the distance

matrix algorithm. As so, this leads us to conclude that despite the constant iden-

tity switches in order to perform corrections, once this process is stable and the

feature vectors are more descriptive of each object, the adaptable distance matrix

ultimately correctly identi�es a larger amount of IDS than the single shot associ-

ation algorithm. This is desirable since our goal is not only to have the trackers

track the objects correctly, but also correctly identify them.
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Conclusions

The rapid advancements in computer vision techniques that we have witnessed in

the past years, combined with continuous improvements in hardware and software,

allowed us to develop a real-time, multiple camera person detection and tracking

system prototype. Speci�cally, the objectives in the present work were to inves-

tigate, develop and evaluate solutions for the multiple person tracking problem,

using static, overlapped, �sh-eye top view cameras. In order to solve this problem,

we made use of a variety of techniques. Namely, we used a combination of the rep-

resentational power of deep neural networks and more classical tracking algorithms

in order to represent and track the target objects. We experimented with di�erent

architectures and techniques which allowed us to get a good understanding of the

current computer vision paradigms, as well as how the more classical solutions �t

in these recent algorithms, and additionally to �nd solutions that better �t our

speci�c problem.

7.1 Summary and Considerations

Firstly, we split our main problem �multiple camera, multiple person tracking�

into two sub-problems: single camera tracking, which we tackle in Chapter 4, and

multiple camera tracking which we discuss in Chapter 5. To solve the single camera

113



Chapter 7. Conclusions

tracking problem we employed the tracking-by-detection paradigm, which allowed

us to track the target objects in each camera individually and independently of

each other camera. In order to solve multiple camera tracking, the tracking results

of each individual cameras are synchronized and connected in order to represent

each object by their trajectory in all cameras.

As we have no benchmark, we wanted to implement various types of solutions

in order to compare them and �nd which one best applied to our problem. We

�rst researched and studied the current state-of-the-art multiple object tracking

solutions in Chapter 3, from which we derived three main di�erent solutions for

the single camera tracking problem: a simple IOU tracker similar to (Bochinski

et al., 2017), mainly to be used as a baseline, an adaptation of the deep learning

based visual object tracker of (Held et al., 2016) which we scaled for multiple ob-

ject tracking, and the tracker of (Wojke et al., 2018), which employs a combination

of deep learning techniques to encode appearance information, Kalman �lters to

predict motion, and the Hungarian algorithm to solve the data association step.

Additionally, as we employed the tracking-by-detection paradigm, we trained two

di�erent deep learning detection architectures: the Faster R-CNN detector (Ren

et al., 2017), with a ResNet feature extractor (He et al., 2016) and a SSD detec-

tor (Liu et al., 2016) with a Inception-v2 feature extractor (Szegedy, Vanhoucke, et

al., 2015). Furthermore, we proposed the grid algorithm, which helps the tracker

correct itself and recover from errors such as occlusions or detection failures. Ad-

ditionally, the work developed on some of the modules of Chapter 4 originated the

work in (Baikova, Maia, Santos, Ferreira, & Oliveira, 2018), which, in addition to

single camera multiple object tracking, also focused on a practical application of

a system of this kind.

In order to solve the multiple camera tracking problem, we implemented pro-

cessing a pipeline, from which we can highlight two steps. Firstly we performed

the synchronization of the feeds from each individual camera in order for the sin-

gle camera tracking information to be aligned in time. Secondly, we proposed two

di�erent algorithms in order to connect information between cameras: the single

shot association algorithm, which connects objects between cameras only once
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when these objects transition to the overlapped area, and the adaptable dis-

tance matrix algorithm, which builds and updates a distance matrix where each

element is the cosine distance between the features of objects in di�erent cameras,

at each iteration. For both algorithms we use both appearance and location cues:

we employ the appearance model of (Wojke & Bewley, 2018), which we trained

with our custom appearance dataset to produce appearance features, and we em-

ploy the grid originally used in the single camera tracking pipeline in order to solve

occlusions and detection failures, and re-purpose it in order to roughly map the

space from one camera to another, producing location information.

Finally, in as the majority of the developed methods were mostly based on data-

driven algorithms, the existence of large, varied, clean and balanced datasets

was one of the most important factors of success that could greatly impact the

results. However, as we worked on data originated from top-view static camera

footage, that had a �eld of view overlap, and since to our knowledge, there are no

existing detection or tracking datasets that follow these requirements, we had to

build all the datasets from scratch, using data from our test environment cameras.

As so, we built three datasets: one person detection dataset, one person tracking

dataset and one person appearance dataset. The process of building and re�ning

these datasets is described in the �rst section of Chapter 6.

In the second section of Chapter 6 we evaluated every component. We started

by evaluating the detectors: we compared the SSD detector with di�erent vari-

ations of the Faster R-CNN detector. We performed these tests as we wanted

to verify if the Faster R-CNN model could achieve SSD detection speeds without

compromising accuracy. We conclude that this is still not possible solely by vary-

ing parameters such as NMS and number of proposals. Additionally, we conclude

that if we want to use these detectors in real-time combined with our trackers, the

Faster R-CNN is not an option as it is too slow.

Secondly, we evaluate the appearance model that was used in both single camera

tracking and multiple camera tracking sub-problems. We conclude that, although
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the results are encouraging, the model needs to be trained with a greater quantity

�and quality� of data.

In third place, we evaluate the single camera trackers, using detection bounding

boxes produces by both SSD and Faster R-CNN detectors. Although we already

have reached the conclusion that the Faster R-CNN detector could not be used in

real-time, we still employed both detectors in order to understand the performance

degradation of using a faster but slightly less accurate detector. Additionally, we

tested di�erent variations of the data association step for the GOTURN tracker:

we employed an IOU threshold association, an appearance feature distance asso-

ciation and a weighted sum of both appearance and location. We evaluate these

trackers on a custom build evaluation dataset of 17 di�erent sequences, viewed

from 2 di�erent cameras. In conclusion, the GOTURN tracker with IOU thresh-

old of 0.2 for the data association step outperforms every other tracker, followed

by the GORURN variations with the weighted sum of appearance and IOU over-

lap, and appearance only, respectively. Furthermore, we conclude that using the

SSD detector degrades the MOTA score by about 4.5%, however, it increases the

overall system speed by about 500%. Overall, we conclude that the GOTURN

tracker with an IOU overlap data association step that employs an Inception SSD

detector is able to achieve a nice accuracy/speed balance, with an 86.018% MOTA

score and 42.5 FPS on the evaluation sequences �which were captured at 10 FPS.

Finally, we proceeded to evaluate themultiple camera trackers. For this evalu-

ation, we employed the previous evaluation sequences viewed from both cameras,

in which we mapped the ground truth IDs to be consistent between cameras. We

conclude that the single shot association outperforms the adaptable distance ma-

trix on the majority of metrics, including MOTA score, which is 4% greater for

the single shot association. However, the adaptable matrix outperforms the prior

in metrics such as IDR, which corresponds to the ratio of ground truth bound-

ing boxes correctly identi�ed. As so, despite having a higher number of identity

switches, due to constantly trying to correct its ID correspondence between cam-

eras estimate, which greatly compromises the results of metrics such as MOTA,

the adaptable distance matrix algorithm ultimately yields a higher number true
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identity hits over time. Additionally, we conclude that using a better appearance

model, trained with greater amounts of data, will return better results, as most of

the errors are caused by appearance mismatches.

In sum, analyzing the overall results, over the present work, we have developed

a functional and scalable real-time multiple person detection and tracking system

prototype. This prototype already yields promising results, and, as this is an

ongoing work, which will continue on beyond the present work, overtime should

improve as we create and feed the models with new and better data, and as we

continuously single out and �x possible future error situations.

7.2 Limitations

Despite the encouraging results, there are also limitations to the trackers. To begin

with, the single-camera tracking frequently su�ers from a set of errors. In order

to better understand these errors, and how we can correct them in the future, we

manually analyze each frame of each of the validation sequences and report the

most prominent and frequent below:

Tracker drifts: This is the most frequent set of errors and it occurs when the

tracker starts yielding progressively more incorrect predictions as the objects move

through space. For situations in which these drifts occur in a severe manner, and

we are employing an IOU data association method, the outcome is the creation

of new wrong IDs. This happens since the drifted prediction will cease to have a

high enough overlap with the detection corresponding to the original target object,

and hence, the tracker will assume this is a new object and create a new ID. This

situation is represented in Figure 7.1.

Occlusions followed by tracker drifts: This is a more speci�c situation of the

previous. Here, the tracker drifts are caused by occlusions. More speci�cally, by

the detectors poor ability to handle partial occlusions, namely, due to the greedy

NMS step that is employed in both detectors. Therefore this problem is originated
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Figure 7.1: Tracker drift: in the �rst frame (left) we have two IDs, 2 and 3. In
next frame, the tracker prediction drifts from its original target. In the last frame,
as the prediction for ID 3 drifted completely from its original target, prediction
and bounding box have not reached the overlap threshold to be associated to each
other and hence a new ID 4 is created.

from the detector, which then propagates it to the tracker. This error can also

be due to lack of training examples with partial occlusions. An example of this

situation is represented in Figure 7.2.

Figure 7.2: Occlusion followed by drift. Initially, we have two objects: ID0 and
ID1 (�rst two frames). In the subsequent frames ID1 becomes partially occluded
by ID0, and therefore the detection fails. In the next frames, the detection is
wrongly generated for both objects, and ID0 starts drifting. When the object that
originally had ID1 is re-detected, the identities are switched. ID1 is now ID0 and
ID0 has a newly created ID 2.

Missed Detections in Entrance/Exit areas: When a detection is missed in a

grid cell that does not correspond to an entrance or exit area, usually the tracker

is able to recover using the grid algorithm, and therefore this does not constitute

a problem. However, when we have an equivalent situation in an entrance/exit

area, where we purposely set a low tolerance threshold for missed detections, the

situation is problematic. Recall that we do this in order to smoothly terminate

tracks of objects that exit the �eld of view. Without this setting, the tracker would
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continue predicting new locations for the object even after this object exited the

�eld of view, and it would do this forMAX_AGE frames. As so, when we have a

true missed detection in the entrance and exit areas, and the object is re-detected

in subsequent frames, two things happen. Firstly, we considered the lifetime of

the object that was being tracked as �nished, removing it from the list of tracked

objects. Secondly, after a few frames with no detection, when this object is �nally

re-detected it is considered a new object, and therefore a new ID is attributed to

it. This problem is represented in Figure 7.3.

Figure 7.3: Missed Detections. In the �rst frame (top left) we have IDs 0 and
1. Note that ID 1 is located in an exit grid cell. In the following two frames,
the detection for object 1 is lost (top right and bottom left). In the last frame
(bottom right) the object is re-detected and a new ID (2) is created for the object
that previously had ID 1.

7.3 Future Work

Given our current limitations, future work can be summarized as follows:

Dataset enlargement: The availability of large and varied datasets is one of the

main challenges and also one of the main limitations of the present work. Despite

having built and continuously incremented three di�erent datasets, these are still

119



Chapter 7. Conclusions

very small compared to datasets such as ImageNet (Russakovsky et al., 2015) or

COCO (Lin et al., 2014). As so, building upon the existing datasets and striving

at making them better and more representative of real scenarios is a fundamental

point of improvement for the future. One possible solution to generate data in a

more e�cient and less painful manner is to resort to crowdsourcing tools such as

the Amazon Mechanical Turk1.

More robust detection: In the previous section we discussed that the current

detection process yields limited performance under occlusion situations, namely

partial and total occlusions. Since detection quality greatly impacts tracker per-

formance, occlusion handling is another crucial point for future work. Luckily,

some works have proposed fully end-to-end architectures which deal speci�cally

with detection occlusions. Namely, the work in (Stewart, Andriluka, & Ng, 2016)

proposes a fully end-to-end detection architecture which fully avoids the NMS step,

which is one of the main sources of errors due to occlusion. Another approach is to

employ a part-based detection system, such as the work in (Tian, Luo, Wang, &

Tang, 2015), which employs several part detectors in order to be able to correctly

deal with partial occlusions. Inspired by these approaches, we already started

to work on a similar part-based solution, which, additionally to the person, also

detects the head of the person. Recall that, as our dataset is top-view, the heads

are almost never occluded, and as so, are a good indicator of whether a person is

in the �eld of view or not. As so, we plan to use person head detections in order

to further re�ne and reason about full body detections, and therefore alleviate

occlusion errors.

Solve tracker drifts: As seen in the previous section, tracker drifts are also a

main source of errors. Some of these drifts are caused by detection occlusion errors,

which propagate to the trackers, others by similar object appearances, while others

are caused by abrupt motion changes in the target. Nevertheless, currently in the

present work, we have no method that speci�cally deals with drifts and tries to

correct the trajectories. This theme of handling drift is already explored in some

works. For instance, the work in (Bae & Yoon, 2014) attributes a con�dence

1https://www.mturk.com/
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score to each tracklet, which is then used in order to associate tracklets to each

other. The con�dence score is based on factors such as tracklet length �since

older tracklets are usually more reliable�, occlusion score �occluded targets should

have lower con�dence� and a�nity between tracklets and detections. We leave the

exploration of this sort of solution for future work.

Final Re�ections: In summary, although the developed trackers achieve good

performance, a great amount of work and improvements remain to be made in

order for this system to be fully reliable. If successful, the enhancements described

in the section above have great potential to allow us to signi�cantly improve the

performance. Once the performance is stable, in the future, this type of multiple

camera person tracking system could be deployed and used in a variety of di�erent

commercial applications, which will be a step towards intelligent machines, able

to understand and interact with the visual world around them.
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