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OZET

Muhammad, Junaid. (2024). Makine Ogrenme Yontemleri ile Cok Hedefli Tespit ve
Takip. Yiiksek Lisans Tezi, Istanbul Atlas Universitesi, Lisansiistii Enstitiisii, Bilgisayar

Miihendisligi Boliimii, Bilgisayar Miihendisligi Yiiksek Lisans Programu, istanbul.

Bu tez, cok hedefli insan tespiti ve takibi konusunda makine 6grenme yontemlerini
kullanarak kapsamli bir ¢alisma sunmakta olup, birden fazla kamera kaynagindan elde edilen
verilerin entegrasyonuna odaklanmaktadir. Gelismis gozetim sistemleri ve otomatik izleme
ithtiyaciin artmasiyla, dinamik ortamlarda bireylerin etkili bir sekilde tespit edilmesi ve takibi
biiyiik 6nem kazanmaktadir. Bu arastirma, ¢esitli ortamlarda gercek zamanli insan tespiti i¢in
YOLO (You Only Look Once) ve Faster R-CNN gibi en son derin 6grenme modellerinin
uygulanmasmi incelemektedir. Mevcut yontemler iizerine kurulan bu calisma, yalnizca ana
kisileri tespit edip takip etmekle kalmayip, ayn1 zamanda yeni tespit edilen bilinmeyen kisileri
"ilgi altindaki kisiler" olarak smiflandiran yenilik¢i bir ¢er¢ceve sunmaktadir. Bu hiyerarsik
yaklasim, bireyler arasindaki iligski yonetimini gelistirirken, 6zellikle kalabalik veya gizlenmis
senaryolarda kimlik siirekliliginin dogrulugunu artirmaktadir. Onerilen sistem, coklu
kameradan elde edilen ¢ercevelerde tespitlerin baglantisini kesintisiz bir sekilde saglamak ve
kimlik degistirmeleri etkin bir sekilde yonetmek i¢in Macar algoritmasi ve Deep SORT gibi
ileri diizey veri iliskilendirme tekniklerini kullanmaktadir. Cesitli veri setleri iizerinde yapilan
degerlendirmeler, Onerilen yontemin gercek diinya uygulamalarinda saglamhigini ve
Olceklenebilirligini gostererek, ¢oklu kamera girislerinin tespit ve takip performansini 6nemli
Olgiide artirdigin1 ve durumsal farkindaligi gelistirdigini ortaya koymaktadir. Bu arastirma,
insan tespiti ve takip sistemlerindeki mevcut sinirlamalari ele alarak, bilgisayarl gorii alaninda
biiyiiyen bir katki saglamakta olup, gelecekteki davramig analizi ve etkilesim tanima
arastirmalarina temel olusturmakta, karmasik ortamlarda bireyler arasindaki iliskileri daha i1yi

baglamsallagtirmaktadir.

Anahtar Kelimeler: Cok hedefli takip, Makine 6grenimi, Gozetim sistemi.
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ABSTRACT

Muhammad,Junaid.(2024).Multi-Target Detection and Tracking using Machine
Learning Methodologies. Master’s, Istanbul Atlas University Graduate Institute, Department of
Computer Engineering, Master’s Thesis program in Computer Engineering,Istanbul.

This thesis presents a comprehensive study on multi-target human detection and
tracking using machine learning methodologies, with a focus on integrating data from multiple
camera sources. As the demand for advanced surveillance systems and automated monitoring
increases, effective detection and tracking of individuals in dynamic environments become
paramount. This research explores the implementation of state-of-the-art deep learning models,
such as YOLO (You Only Look Once) and Faster R-CNN, for real-time human detection across
varied environments. Building on existing methodologies, we introduce an innovative
framework that not only detects and tracks primary individuals but also identifies and
categorizes newly detected unknown individuals as "sub persons of interest." This hierarchical
approach allows for enhanced relationship management between individuals and improves the
accuracy of identity retention over time, especially in crowded or occluded scenarios. The
proposed system employs advanced data association techniques, such as the Hungarian
algorithm and Deep SORT, to seamlessly link detections across frames from multiple cameras
while managing identity switches effectively. Evaluations conducted on diverse datasets
highlight the effectiveness of the proposed method, demonstrating its robustness and scalability
in real-world applications. Our findings indicate that leveraging multi-camera inputs
significantly enhances detection and tracking performance, providing improved situational
awareness. This research contributes to the growing field of computer vision by addressing
current limitations in human detection and tracking systems, paving the way for future
advancements in surveillance technologies and intelligent monitoring solutions. This work lays
foundational concepts for future research into behavioral analysis and interaction recognition,
further contextualizing the relationships between individuals in complex environments.

Keywords: Multi-target tracking, Machine learning, Surveillance system
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1. INTRODUCTION

1.1 RESEARCH BACKGROUND

Human detection and tracking in dynamic environments present significant challenges
in the realms of computer vision and artificial intelligence. With the rapid proliferation of
surveillance systems and automated monitoring technologies, there is a growing demand for
robust algorithms capable of accurately identifying, tracking, and managing multiple targets

simultaneously.

Recent advancements in deep learning have markedly improved the performance of
human detection algorithms. For instance, models like YOLO (You Only Look Once) and
Faster R-CNN have showcased exceptional accuracy in real-time object detection tasks,
enabling the swift and efficient identification of individuals in complex scenes (1, 2). While
detecting individuals is critical, the effective tracking of these individuals across multiple
camera sources introduces additional challenges. Real-world scenarios often entail occlusion,
varying viewpoints, and intricate interactions among multiple targets, thereby complicating the

task of maintaining accurate identities.

In multi-target tracking systems, preserving identity across frames is imperative.
Traditional methods such as Kalman filtering and particle filters have been effectively utilized
in tracking algorithms (3, 4). However, these approaches can face difficulties in scenarios where
individuals are in close proximity or when sudden changes in appearance occur. The integration
of advanced data association techniques, including the Hungarian algorithm and modern
approaches like Deep SORT, has enhanced the ability to link detections across frames,

successfully managing occlusions and identity switches (5, 6).

In contexts where multiple camera sources are employed, the system must address
challenges related to data fusion and camera synchronization (7). By implementing multi-
source tracking systems, enhanced coverage and robustness can be achieved in human detection
and tracking tasks. An innovative approach in this domain involves establishing a hierarchy of

interest, wherein newly detected individuals can be categorized as "sub persons of interest"



linked to a main "person of interest" when certain conditions are fulfilled, such as specific

behavioral patterns or contextual relevance.

This introduction underscores the emerging complexities in human detection and
tracking within multi-camera environments. The subsequent sections will explore the
methodologies employed to address these issues, providing insights into the state-of-the-art

techniques that



2. LITERATURE REVIEW

Human detection and tracking are integral components of computer vision systems, with
applications ranging from surveillance and security to human-computer interaction and
autonomous systems. This literature review provides an overview of the key methodologies,
technologies, and challenges related to human detection and tracking, emphasizing multi-target
scenarios, multi-camera systems, and the concept of sub persons of interest.

Historically, human detection algorithms utilized traditional feature-based methods such as
Haar cascades and Histogram of Oriented Gradients (HOG) combined with classifiers like
Support Vector Machines (SVMs). These early approaches laid the groundwork but struggled
with issues such as false negatives in crowded scenes and sensitivity to varying lighting
conditions (8, 9).

The field has since seen a transformation with the advent of deep learning. Convolutional
Neural Networks (CNNs) have significantly improved detection accuracy. Models such as
YOLO (You Only Look Once) and Faster R-CNN have demonstrated the capability to perform
real-time detection by dividing the image into grid cells and predicting bounding boxes and
class probabilities for multiple objects simultaneously (10, 11). YOLO, in particular, stands out
for its speed, processing frames at real-time rates, making it suitable for video applications.
Tracking algorithms are designed to monitor the presence and movement of detected
individuals over time. Traditional tracking methods, such as Kalman filters, estimate the
trajectory of moving objects based on previous states (12). Particle filters have also been
employed to handle non-linear motions and complex observation models, expanding the
capabilities of tracking systems (13).

More advanced tracking methodologies, like SORT (Simple Online and Real-time Tracking)
and Deep SORT, integrate deep learning techniques to improve object association by utilizing
appearance features alongside motion models. These methods have gained popularity owing to
their effectiveness in handling occlusions and changes in perspective, which are common in
real-world scenarios (14, 15).

The challenge of multi-target tracking stems from the need to maintain identities across multiple

objects simultaneously under conditions of occlusion, interaction, and appearance changes.



Research in this area has focused on improving data association techniques to accurately link
detections across video frames. Techniques such as the Hungarian algorithm enable efficient
assignment of detected objects to predicted trajectories based on proximity (16).

Additionally, hierarchical or network-based approaches to tracking relationships among
individuals are gaining traction. The exploration of sub persons of interest in connection to main
persons of interest enhances the understanding of group dynamics and interactions within
crowded environments. This relationship helps in contextualizing movements, allowing for
better tracking fidelity in scenarios where multiple individuals are present (17).

Multi-camera systems have become increasingly important for addressing occlusions and blind
spots, especially in crowded or complex environments. The integration of multiple camera
feeds allows for a comprehensive view and the sharing of information between cameras,
leveraging data fusion technologies to enhance detection and tracking performance. Research
by Khan et al. suggests that employing multiple cameras improves the robustness of tracking
systems, allowing for more accurate identity retention over time through synchronized
observations (18).

The challenges associated with multi-camera setups include synchronization of timestamps,
camera calibration, and merging data accurately. Proper calibration ensures consistent spatial
references, while synchronization allows the system to maintain continuity in tracking
individuals across overlapping fields of view (19).

Current research is progressively focusing on incorporating behavioural analysis and social
interactions in tracking systems. As an extension of traditional tracking methodologies,
exploring the behavioural patterns of individuals can provide richer contextual information,
enabling smarter and more adaptive human detection systems (20). Additionally, the use of
advanced machine learning techniques, such as generative models and reinforcement learning,
is beginning to enter the domain of human tracking, offering potential avenues for improving
object classification and tracking accuracy through adaptive learning (21).

The field of human detection and tracking is rapidly evolving, with advancements in deep
learning significantly enhancing detection accuracy and tracking robustness. While existing
techniques have demonstrated success in various applications, challenges such as occlusion,
similarity in appearances, and variations in environmental conditions remain prevalent. This
literature review elucidates the key advancements and ongoing challenges within the field,
establishing a framework for the proposed multi-target human detection and tracking system

that incorporates multi-camera inputs and the recognition of sub persons of interest.
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3. MACHINE LEARNING METHODS

3.1. INTRODUCTION

This chapter provides an in-depth exploration of the machine learning methodologies
employed in this thesis for multi-target human detection and tracking. The advancement of
machine learning, particularly through deep learning techniques, has revolutionized the field of
computer vision. This chapter is structured into sections detailing supervised learning
techniques, deep learning models, data association algorithms, re-identification strategies,
performance evaluation metrics, and applications of machine learning in various fields,

including medical imaging and quantum-enabled machine learning algorithms.

3.1.1 Supervised Learning Techniques
Supervised learning is a method where models are trained on labelled datasets, allowing

the algorithms to learn the characteristics of the target classes. In the context of human detection
and tracking, various supervised learning techniques have shown significant effectiveness.
Supervised learning is a machine learning approach where models are trained using labelled
data, meaning each training example comes with a known output label. The model learns to
make predictions by associating inputs with these output labels based on its training.
The goal of supervised learning is to create a mapping from input features to output labels. This
is achieved through a training dataset comprising pairs of inputs and their corresponding
outputs.

Supervised learning includes classification and regression. This type involves predicting
a discrete label, such as determining if an email is spam or not. Regression involves forecasting
a continuous value, like estimating house prices based on factors such as size and location.

The key Components of supervised learning include training Set, a set of input-output
pairs used for teaching the model. The second component is testing, in this case a distinct set
used to assess the model’s performance after training.

The Loss Function in supervised learning is a function that quantifies the discrepancy
between the predicted and actual values. Examples include Mean Squared Error (MSE) for

regression and Cross-Entropy Loss for classification tasks.



The optimization in supervised learning involves the process of fine-tuning the model
parameters to minimize the loss function. Techniques like Gradient Descent are commonly used
to achieve this.

Many supervised learning algorithms use linear models where the relationship between
inputs and outputs is described as a linear combination of features. This relationship is

mathematically represented as:

y=WTX+b (3.1)

where y denotes the predicted output, W is the weight vector, X is the input vector, and b

represents the bias term.

The Loss Functions is usually Mean Squared Error (MSE) for regression:
~ 1 ~
L(y,9) = -2 i — 90)° (3.2)
The Cross-Entropy Loss for classification is

L(y,9) =~ XL, (vidog($) + (1 — ylog(1 — 5) (3.3)

The Gradient Descent is an optimization technique that minimizes the loss function by

iteratively adjusting the model parameters W and b. The update rules are:
W =W —aVL(W) (3.4)
b :=b — aVL(b) (3.5)

where a represents the learning rate, and VL is the gradient of the loss function concerning the

parameters.

Overfitting happens when a model captures noise in the training data rather than the
underlying patterns. Regularization techniques, such as Lasso (L1) and Ridge (L2), help

mitigate overfitting by adding a penalty to the loss function. The Lasso Regularization is
Ligsso = Loriginal + /1”W”1 (3.6)
In these equations, A) is the regularization parameter.

Ligsso = Loriginal + MlW”% (3.7)



The supervised learning encompasses a range of techniques for making predictions
based on labelled data. By understanding its theoretical principles and mathematical

underpinnings, practitioners can develop models that effectively generalize to new, unseen data.

Supervised Learning

Supervisor
Input Raw Data Output
Training Desired
Data set Output

: = oo

Algorithm Processing

Figure 3.1: Supervised Learning Flowchart

3.1.2. Support Vector Machines (SVM)

SVM is a classification algorithm that seeks to find a hyperplane that best separates
different classes in the feature space. For human detection, features extracted from the inputs,
such as HOG or color histograms, can be used to train SVM classifiers, distinguishing between

human and non-human classes effectively (22).

The Support Vector Machines (SVMs) are a class of supervised learning algorithms
designed for both classification and regression tasks. Here’s an overview of the theory and
mathematical framework underlying SVMs:

The main goal of SVM is to identify a hyperplane that optimally separates data points
from different classes in a high-dimensional space. This hyperplane is chosen to maximize the

margin, which is the distance between the nearest data points of each class.



The margin is the distance between the hyperplane and the closest points from either class,
known as support vectors. SVM aims to maximize this margin to improve classification

performance.

The hyperplane, in an n-dimensional space, a hyperplane can be expressed by the equation:
wix+b=0 (3.8)

Where w represents the weight vector (normal to the hyperplane), x is the feature vector, b is
the bias term.
The support vectors are the data points that lie closest to the hyperplane. They are critical
because they determine the position and orientation of the hyperplane. The mathematical
framework is formulated using a training set of labelled data points (x;,y;), where y; €
{—1,+1}, SVM solves the following optimization problem:

minimize %”W”Z
Subject to:

yiwx; +b) = v, (3.9)
This problem ensures correct classification of each data point while maximizing the margin
between classes. To address the constrained optimization problem, SVM uses Lagrange

multipliers. The Lagrangian is formulated as:
Llw,b,a) = ; wl? = X", a;(y;(wTx; + b — 1) (3.10)

where, «; are the Lagrange multipliers, and m denotes the number of training samples.
By differentiating the Lagrangian with respect to w and b and setting these derivatives to zero,

we derive the dual problem:
maximize W(a) = X%, a; — % X aiyyiK (xg, x;)
(3.12)

subject to:

Yty =0anda; =0

where, K (x;, x;) is the kernel function that enables SVM to operate in a higher-dimensional
space.
To handle non-linearly separable data, SVM employs the kernel trick. Common kernel

functions include:



e Linear Kernel: K(x;,x;) = xTx;
e Polynomial Kernel: K (x;,x;) = (x7x; + ¢)¢

2
e Radial Basis Function (RBF) Kernel: K (x;, x;) = e Yl*i=il
Kernels transform input features into higher-dimensional spaces, facilitating the identification

of a linear hyperplane in that space.
Real-world data may not be perfectly separable. The soft margin approach introduces slack

variables €; to accommodate some misclassifications:
yiwlx; +b)=>1-%, & =0 (3.12)

The revised optimization problem is:
minimize %”W”Z +CYM & (3.13)
In this case, C is a hyperparameter that balances the margin maximization and classification
error minimization.

The Support Vector Machines offer a robust approach for classification and regression
by finding an optimal hyperplane that maximizes the margin between classes. The mathematical
foundation of SVM, including Lagrange multipliers, the dual formulation, and kernel functions,
allows it to handle both linearly and non-linearly separable data effectively, maintaining strong

generalization capabilities.



Max margin

Separating Positive
hyperplane class = Max Margin width
¥ : - O Support vectors

(data points)

Negative

class wix+b=1

wix+b=0
wix+b=-1

Figure 3.2: Linear SVM for Simple Two-Class Classification with Separating Hyperplane

3.1.3. Decision Trees and Random Forests

Decision trees split the dataset into branches based on feature values, leading to
predictions at the leaf nodes. Random forests, an ensemble of decision trees, improve prediction
accuracy and robustness by aggregating the results of multiple trees. These techniques can be

employed for both detection and classification tasks (23).

A Decision Tree is a model used for both classification and regression tasks, structured
like a flowchart. It works by splitting the dataset into subsets based on the feature that provides
the greatest information gain or reduces impurity the most, making decisions by traversing the

tree from the root to a leaf node.
The structure of a Decision Tree is composed of several key components:

e Root Node: Represents the entire dataset and is the starting point of the tree.
e Internal Nodes: These nodes represent the attributes or features of the dataset. They act

as decision points that split the data into subsets.

10



e Branches: Each branch emerging from an internal node represents the outcome of a
decision made on a feature, leading to further splits or outcomes.
e Leaf Nodes: These are the terminal nodes of the tree that provide the final output, such

as a class label for classification tasks or a continuous value for regression.

The Decision Trees rely on impurity measures to decide the best way to split data at each node.
Common impurity measures including Gini Index and Entropy, the measures can be represented

mathematically as:

- The Gini Index
Gini(D) =1 — iczlpl? (3.14)

Where p; is the probability of class i in datasetD, and C is the number of classes. A lower Gini

index indicates a better split and

- The Entropy

Entropy(D) = — %5, pilog,(p) (3.15)

Where p; represents the proportion of examples of class i in the datasetD. Entropy measures

the disorder or impurity in the data. A lower entropy value indicates higher purity.

Information Gain (IG) is a metric used to quantify the effectiveness of a split. It measures how

much uncertainty (or entropy) is reduced after splitting the data based on a particular feature:
Dy
IG(D: A) = Entropy(D) - ZveValues(A) %Entropy(Dv) (3-16)
Where D, is the subset of D for which attribute A takes the valuev. A higher IG indicates a
more informative split.

The decision tree algorithm recursively splits the dataset on the feature with the highest
Information Gain or lowest Gini index, continuing until a stopping criterion is met. These
criteria can include reaching a maximum depth, having a minimum number of samples in a

node, or achieving a minimal level of impurity.

11



A Random Forest is an ensemble learning technique that builds multiple decision trees
(often thousands) during training. The final output is determined by aggregating the predictions

of individual trees, either through majority voting for classification or averaging for regression.

The Random Forests leverage a technique called bootstrapping, where multiple subsets of the
training data are created by sampling with replacement. Each decision tree in the forest is
trained on a different bootstrap sample, reducing overfitting by decreasing variance across the

model ensemble.

Unlike traditional decision trees that consider all features at each split, Random Forests
select a random subset of features to find the best split at each node. This randomness introduces

diversity among the trees, further reducing correlation and overfitting.

The prediction of a Random Forest is determined by combining the outputs of all the trees in

the ensemble:

- For classification, the mode of the predicted classes is chosen.

- For regression, the average of the predictions is taken:

Prediction = %Z{-":l T;(x) (3.17)

Where T; is the prediction of the it" tree, and N is the total number of trees in the forest.

The Random Forests can measure the importance of each feature by analysing how much a
feature contributes to reducing impurity (measured by Gini index or entropy) across all trees.
This is done by calculating the decrease in accuracy or the increase in weighted impurity when

a feature is randomly permuted.

Decision Trees offer a straightforward, interpretable method for classification and
regression, though they may suffer from overfitting. Random Forests address this issue by
aggregating multiple trees, enhancing model robustness and accuracy while providing valuable
insights into feature importance. The mathematical principles underlying both techniques, such
as impurity measures and ensemble methods, contribute to their widespread use and

effectiveness in a variety of predictive modelling tasks.
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Figure 2.3: Random Forest

3.1.4. Deep Learning Models

Deep learning has gained prominence in human detection and tracking due to its ability
to automatically extract features from raw data, thus eliminating the need for extensive manual
feature engineering. Several state-of-the-art deep learning models are widely utilized in this

research area:

Deep learning is a subset of machine learning that employs neural networks with many
layers (deep networks) to model complex data patterns. Here’s an overview of the theory and

mathematical basis for deep learning models:

At the core of deep learning is the neural network, which consists of interconnected
layers of nodes (neurons). Each neuron receives inputs, processes them, and passes the output

to the next layer. A typical neural network architecture includes:

- Input Layer: The first layer that receives input data.
- Hidden Layers: Intermediate layers that do not interact with the output directly. There
can be multiple hidden layers in a deep network.

- Output Layer: The final layer that produces the desired output (predictions).

Each neuron applies an activation function to its output to introduce non-linearity into the

model. Common activation functions include:
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- Sigmoid:

1
1+e™>

o(x) = (3.18)

The sigmoid function maps any input to a value between 0 and 1, often used in binary

classification.

- Tanh:

eX—e %

eX+e~X

tanh(x) =

(3.19)

The tanh function outputs values between —1 and 1, providing stronger gradients than

sigmoid in some contexts.

- ReLU (Rectified Linear Unit):
ReLU(x) = max(0,x) (3.20)

ReLU is widely used due to its simplicity and efficiency, especially in deep networks,

where it mitigates the vanishing gradient problem.

The process of passing the input data through the layers of the neural network to compute the

output. For a simple feedforward neural network, the output of a neuron can be calculated as:
h=f(WTx+b) (3.21)

where, W is the weight vector, x is the input vector, b is the bias, and f is the activation

function.

The loss function quantifies how well the neural network's predictions match the actual target

values. Common loss functions include:

- Mean Squared Error (MSE) for regression:
Ly, 9) = 230,y i—9)? (3.22)
- Cross-Entropy Loss for classification:

Ly, 9) = — X, yilog(3) (3.23)
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This loss function is commonly used in classification tasks and measures the dissimilarity

between the predicted probability distribution and the true distribution.

Backpropagation is the algorithm used for training neural networks by minimizing the loss

function. It involves two main steps:

- Forward Pass: Calculate the output and loss.
- Backward Pass: Compute the gradient of the loss with respect to each weight through the
chain rule.
- The weight updates are made using Gradient Descent or its variants (like Adam,
RMSprop):
W:=W —aVL (3.24)

where « is the learning rate, and VL is the gradient of the loss with respect to the weights.

The core of DL is based on Neural networks heavily rely on linear algebra concepts, particularly

in operations involving vectors and matrices for representation and transformations of data.

A fundamental optimization algorithm used to minimize the loss function. It iteratively adjusts

the parameters (weights and biases) in the direction of the negative gradient of the loss.

The chain rule is utilized in backpropagation to compute the gradient of the loss function with

respect to the weights. For a composite function z = g(f (x)):

dy_dz_df

dx  df dx (3.25)

Techniques such as L2 (Ridge) regularization or dropout are used to prevent overfitting by

adding a penalty for complex models.
- L2 Regularization:
Lregularized =L+ }\”WHZ (3.26)

where A is a hyperparameter controlling the strength of regularization. This adds a penalty

proportional to the square of the weights, discouraging overly complex models.

- Dropout: Randomly dropping neurons during training to prevent the network from

becoming too reliant on any single neuron, thus improving generalization.
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Figure 3.3: Deep Learning Method for Object Detection

3.1.5. Convolutional Neural Networks (CNN)
Convolutional Neural Networks (CNN) are specialized for processing grid-like data,
such as images. Convolutional layers apply filters to the input to detect features. The

convolution operation can be expressed as:
(I K)(x,y) = X 2Zn I(m,n)K(x —m,y —n) (3.27)

where [ is the input, K is the kernel/filter, and * denotes convolution.
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Figure 3.4: Convolutional Neural Network for Image Classification

3.1.6. Recurrent Neural Networks (RNNs)

CNNs are particularly effective in image processing tasks. They employ convolutional
layers to extract spatial hierarchies of features and pooling layers to down-sample these
features. CNN architectures such as VGGNet and ResNet provide robust backbones for object

detection systems (24, 25).

RNNSs are designed to handle sequential data (like time series or text). They maintain a
hidden state that gets updated as new inputs are processed. RNNs are designed for sequential
data, such as time series or text. They maintain a hidden state that is updated as new inputs are

processed. The hidden state at time t is given by:
he = f(Wphe—q + Wyx, + b) (3.28)

where h, is the hidden state at time t, x,is the input at time t, and W,, W, are the weight

matrices.

Deep learning models leverage the structure of neural networks to learn complex
patterns in data through layers of abstraction. The mathematical foundations, including loss
functions, optimization algorithms like gradient descent, and special architectures like CNNs
and RNNs, enable these models to excel in various tasks, from image and speech recognition

to natural language processing and beyond. The non-linear activation functions, combined with
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the capacity for learning across many layers, empower deep learning to capture intricate

relationships in large datasets.

Recurrent network

— output layer

input layer Y (class/target)
hidden layers: “deep” if > 1

Figure 3.5: Recurrent Neural Network

3.1.7. You Only Look Once (YOLO)
YOLO is a real-time object detection model that treats detection as a single regression

problem, predicting bounding boxes and class probabilities directly from full images. It divides
the image grid and simultaneously predicts multiple bounding boxes and their class

confidences, making it suitable for fast detection in dynamic environments (26).

Only Look Once” (YOLO) is a widely recognized real-time object detection system known
for its speed and accuracy. Unlike traditional object detection methods that often rely on
separate processes for object classification and bounding box prediction, YOLO treats object
detection as a single regression problem. Below is an expanded overview of the theory and
mathematical basis behind YOLO:

1. Only Look Once" (YOLO)

YOLO utilizes a single convolutional neural network (CNN) to simultaneously predict
multiple bounding boxes and their associated class probabilities directly from full
images. This unified approach allows for rapid processing, setting YOLO apart from

methods that use region proposals or sliding windows.

2. Image Grid Division:
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The input image is divided into an S * S grid. Each grid cell is responsible for detecting
objects whose center lies within the cell. Each cell predicts a fixed number of bounding

boxes, including the object class probabilities and confidence scores.

1. Bounding Box Prediction:
e For each grid cell, YOLO predicts B bounding boxes, each characterized by:
- (x,y): Center coordinates of the bounding box relative to the grid cell.
- w, h: Width and height of the bounding box.
- Confidence score c:A measure that combines the probability of an object
being present and the accuracy of the bounding box.
- Class probabilities: For all possible classes.

2. Confidence Score:

The confidence score is a product of the probability that a bounding box contains an
object and the Intersection over Union (I0U) between the predicted box and the ground

truth. It is mathematically expressed as:
Confidence = P(Object) x IOULU (3.29)

Where, P(Object) represents the probability of the presence of an object, and 10U

measures the overlap between the predicted and actual bounding boxes.

3. Final Output Representation:

The final output for each grid cell combines the object probability, 10U, and class

probabilities, expressed as:

bj d
P,j = P« I0UF[* = (C};, CE, ..., CF; (3.30)

J Ljr g

Where C;; denotes the conditional probability of class ¢ given that an object is detected.

YOLO is based on five functions they are the Comprehensive Loss Function, Localization Loss,

Classification Loss, and Intersection over Union (I0U), Real-time Processing Capabilities.
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Comprehensive Loss Function: YOLO optimizes a single loss function that integrates
localization loss, confidence loss, and classification loss. The loss function can be

represented as:

L= Z OZ] =0 losscoord + Anoob] Z] 0 lossnoob} + Acls Zl =0 losscls (331)

where loss.,,rq) quantifies errors in predicting the bounding box coordinates, [05sy,0p

penalizes predictions in grid cells that do not contain objects, loss.;s accounts for
misclassifications, and 2,,.,,; and A, are balancing coefficients for the loss

components.

Localization Loss: Localization loss is typically computed using Mean Squared Error

(MSE) between predicted and ground truth bounding box coordinates:

losscoord ZSZOZ 0[[( pred _ truth 2 4 (ypred ylruth)z + (Wpred

Wit’7]juth)2 + (hf;ed _ hg}uth 2]] (3.32)

Classification Loss: The classification loss is calculated using Cross-Entropy Loss,

penalizing the model for incorrect class predictions:
losscs = — 0 Zc 0 yU log()’t}) (3.33)
Where y/; is the ground truth label for class ¢ andy;’;) is the predicted probability.

Intersection over Union (I0U): 10U, a critical metric for evaluating the accuracy of

predicted bounding boxes, is calculated as:

10U =

Area of Intersection
S Inters: (3.34)
Area of Union

High 10U values indicate better overlap between predicted and ground truth boxes.

Real-time Processing Capabilities: YOLO’s architecture enables real-time object
detection by allowing the model to predict all bounding boxes and class probabilities in
a single forward pass. This results in significantly faster inference compared to methods

that require multiple passes or post-processing stages.
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YOLO revolutionizes object detection by offering a unified approach that predicts bounding
boxes and class probabilities simultaneously from full images. This enables real-time
processing, making it highly efficient and suitable for various computer vision applications.
The model's underlying mathematical framework—comprising a comprehensive loss function,
grid-based predictions, and optimization techniques—ensures its effectiveness in detecting
objects quickly and accurately. YOLO's blend of speed and precision has made it a powerful
tool in the field of object detection.
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Figure 3.6: The Architecture

our detection network has 24 convolutional layers followed by 2 fully connected layers.
Alternating 1*1 convolutional layers reduce the feature space from preceding layers. We
pretrain the convolutional layers on the ImageNet classification task at half the resolution

(224*224 input image) and then double the resolution for detection.

Figure 3.7: Yolo Object Detection
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3.1.8. Single Shot MultiBox Detector (SSD)
SSD is another single-shot detection technique that combines predictions from different
feature maps of various sizes, allowing it to detect objects of varying scales. Its speed and

accuracy make it suitable for real-time applications (28).

The Single Shot MultiBox Detector (SSD) is a deep learning model designed for object
detection, striking a balance between speed and accuracy. SSD is an evolution over earlier
object detection methods and is particularly noted for its efficiency and effectiveness in real-
time scenarios. Below is an expanded overview of the theoretical framework and mathematical
foundation of SSD.

The SSD model is designed to detect objects within images using a single deep neural

network. It efficiently identifies multiple objects of varying classes in one forward pass.

The term "single shot" refers to SSD's capability to predict both bounding boxes and class
scores in one evaluation of the network. This contrasts with methods that require multiple

stages, such as region proposal networks.

SSD predicts a fixed set of bounding boxes, known as "default boxes," at each feature map
location. These boxes vary in aspect ratio and scale, enabling the model to detect objects of

different sizes and shapes.

SSD leverages feature maps from multiple layers within the network to make detections.
Lower layers focus on detailed, fine-grained features, while higher layers capture more abstract
semantic information. This multi-scale approach is essential for detecting objects of varying

sizes.

At each location in the feature maps, SSD defines several default boxes with predefined
aspect ratios and scales. For each default box, the model predicts Offset adjustments for the box
coordinates (dx, dy for the center, dw, dh for width and height), and Class scores that indicate

the likelihood of an object being within the box.

SSD typically utilizes a base network like VGG16 or ResNet, followed by additional
convolutional layers to create feature maps at multiple scales. The base network is responsible

for extracting features from the input image, while the subsequent layers handle detection tasks.
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For each cell in the feature map, SSD defines multiple default boxes b; with various aspect

ratios and scales. These boxes are represented as:

b; = (x,y,w, h) (3.35)
where, x, y denotes the center of the box, and w, h represent the width and height of the box.
The SSD generates two types of predictions for each default box:

- Regression Predictions: Offset values (t,, t, t,,, t) to refine the default box

coordinates:

X=x+t,w (3.36)
y=y+t,-h (3.37)
W=w:-etw (3.38)
h=h-etn (3.39)

- The Class Probability Predictions: Scores for each class (Cy):

Cy = P(classy | b;) (3.40)
where (classy, | b;) is the probability that class k is present in the bounding box.

The loss function in SSD is composed of:

- Localization Loss: This measures the difference between predicted and ground truth

bounding box coordinates, typically using Smooth L1 loss or L2 loss:
Lipe = Ziv Z?” Lsmooth(tji ) fl) (3.41)
where N is the number of default boxes, and M is the number of objects per image.

- Confidence Loss: This assesses the accuracy of the class predictions using softmax

cross-entropy:

Los = — Zi ZCEC yi,clog(yi,c) (3-42)
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where y; . is the ground truth label, and ¥; . is the predicted probability for class c.
The overall loss for SSD is a weighted sum of the localization and classification losses:
L =Ly +A*Lg (3.43)

where A is a hyperparameter that balances the localization and classification components of the
loss.

To refine the predictions, SSD applies Non-Maximum Suppression (NMS) after calculating
bounding box coordinates and class scores. NMS selects the bounding box with the highest
confidence score and removes other boxes that overlap significantly with it, determined by an

Intersection over Union (loU) threshold.

The Single Shot MultiBox Detector (SSD) is a robust and efficient approach to object detection,
offering real-time performance. By utilizing a single network to simultaneously predict
bounding boxes and class scores at multiple scales and incorporating default boxes with various
aspect ratios, SSD delivers high accuracy at impressive speeds. Its mathematical foundation,
including the combination of localization and classification loss functions and the application
of Non-Maximum Suppression, makes SSD a versatile tool for a wide range of computer vision

tasks.
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Figure 3.8: Object Detection with SSD

3.1.9. Data Association Algorithms
Data association is critical in multi-target tracking, as it links object detections across

consecutive frames while maintaining identities. Various algorithms facilitate this process:
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Data association algorithms are fundamental in fields such as multi-target tracking, robotics,
and computer vision. Their primary function is to match observed measurements, like detected
objects, with existing entities, such as tracked objects, over time. These algorithms are
indispensable for maintaining identity consistency, especially when tracking multiple objects

through sequential data.

The data association problem involves connecting a set of observed measurements (e.g.,
detected bounding boxes in images or positional readings from sensors) to existing object
tracks. The objective is to minimize tracking uncertainty by accurately linking each observation

to the correct object.

The output of a data association algorithm is an assignment of measurements to existing
tracks. This assignment is made in a way that either minimizes the total cost or maximizes the

total likelihood of correct associations.

Single Hypothesis: Assumes a one-to-one correspondence between each measurement and

a single object, which is the most common approach.

Multiple Hypotheses: Considers various possible associations, allowing for uncertainty in

which measurement corresponds to which object.

In many data association methods, a cost matrix is constructed to represent the distances or
costs between each measurement and each existing track. The cost might reflect the Euclidean
distance between the predicted position of a track and the actual measurement. Assuming M to
be the number of measurements and T being the number of tracks, the cost matrix C is defined

as:
where d(m;, t;) represents the cost of associating measurementm; with track ¢;.

The association problem can be formulated as an assignment problem, where the goal is to

minimize the overall cost:

M T
Minimize Z Z Cijxij

i=1j=1

subject to:
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To1xj <1,V (3.45)

Toix; < LY, (3.46)

where x; ; is a binary variable that indicates whether measurement m; is associated with track

t.

The algorithms used for association can be employed to solve the data association problem,

including, the include:

- Hungarian Algorithm: This algorithm solves the assignment problem efficiently in
polynomial time (0(n3)). It works by transforming the cost matrix and finding the
optimal assignment that minimizes the total cost.

- Joint Probabilistic Data Association (JPDA): JPDA incorporates probabilities for each
possible association, accounting for uncertainties in both the measurements and the
existing tracks. It calculates the likelihood of each association based on the distribution of
measurements.

- Multiple Hypothesis Tracking (MHT): MHT generates multiple hypotheses for how
measurements could be associated with tracks over time. These hypotheses are evaluated,
and the best one is chosen based on criteria such as likelihood.

- Global Nearest Neighbor (GNN): GNN finds a one-to-one assignment of measurements
to tracks that minimizes the overall cost. While similar to the Hungarian method, it often

employs a heuristic approach, processing measurements sequentially.

Probabilistic Data Association (PDA), predicts the probability of association based on the
likelihood that a particular measurement originates from a specific track. The association is

then performed based on these probabilities.

Likelihood Function, is used for observing a measurement given a predicted state is often

modelled using Gaussian distributions:

[ _ 1 ~(zp—Hx)T (zx—Hxp)
P(z, | x;) = (Zn)"det(Z)e 2 (3.47)
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where z; is the measurement, x; is the predicted state, H is the measurement model, and X is

the measurement noise covariance.

Data association algorithms are critical in multi-target tracking, as they enable the accurate
matching of observed measurements to existing object identities while minimizing ambiguity
and uncertainty. The mathematical foundations of these algorithms involve constructing cost
matrices, solving assignment problems, and assessing the likelihood of associations under
uncertain conditions. Techniques like the Hungarian algorithm, JPDA, MHT, and probabilistic
models provide robust solutions for the complex challenges faced in dynamic environments.
These algorithms have widespread applications in robotics, computer vision, and surveillance,

ensuring reliable multi-object tracking over time.

3.1.10. Kalman Filter
The Kalman filter estimates the state of a moving object over time, based on previous states
and measurements. It is particularly suited for linear motion models, providing a recursive

solution to maintain trajectory estimations (29).

The Kalman Filter is a robust recursive algorithm widely utilized for estimating the state of
a dynamic system from a series of noisy observations. This powerful tool is essential in fields
such as control systems, robotics, and computer vision, where accurate real-time estimation is
critical. The Kalman Filter operates in two primary stages: prediction and update, forming a

cycle that continuously refines the estimate of the system's state.

The Kalman Filter relies on a state-space representation to model dynamic systems. This
representation uses linear equations to describe both the evolution of the system's state over

time and the relationship between the state and the measurements.

The state of the system at a given time k is denoted as x;, representing all the variables

necessary to describe the system at that moment.
The evolution of the system’s state is governed by the state transition equation:
Xk = F—1Xp—1 + Br_qUp—1 + Wi—4 (3.48)

where, F,_,) is the state transition matrix, which models how the state evolves from time k —
1) to k, By_, is the control-input model that applies the control vector u;,_, to influence the

state, and
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wy_1 represents the process noise, assumed to be Gaussian with zero mean and covariance Q
(|e, Wk—INN(O' Q))

The relationship between the system state and the observed measurements is described by the

measurement equation:
Zy = Hkxk + Vk (349)

where, H,, is the observation matrix, mapping the true state space to the observed space and v,
is the measurement noise, which is also assumed to be Gaussian with zero mean and covariance
R (i.e., v,~N(0,R)).

The prediction phase involves estimating the system's next state and the associated

uncertainty (error covariance) before the actual measurement is made. The state prediction:
Xiek-1 = FieXi-1k-1 + Br—1Uk—1 (3.50)
The error covariance prediction is represented as:
Pek-1 = Fik-1®-1c-1F5-1 + Q (3.51)

where, Xy k—1iS the predicted state estimate, and Pyx—, is the predicted error covariance,

indicating the uncertainty associated with the prediction.

The update phase refines the predicted state estimate using the new measurement. The

innovation (residual) calculation is:
Vi = Zx + Hy, Xge—1 (3.52)

The innovation y, represents the difference between the actual measurement and the predicted

measurement, indicating how much the prediction deviates from reality.
The innovation covariance is defined as:
Sk = HiPu-1Hi + R (3.53)

This step calculates the uncertainty associated with the innovation, taking into account both

the predicted error covariance and the measurement noise. The Kalman gain is calculated as:

Ky = P-1Hi St (3.54)
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The Kalman Gain K, determines how much weight should be given to the innovation in
updating the state estimate. A higher gain gives more importance to the measurement, while a

lower gain relies more on the prediction. The State Estimate Update is given by:
Rk = Xiek—1 + K Vi (3.55)

The state estimate is updated by combining the predicted state with the weighted innovation,

yielding a more accurate estimate. The Error Covariance Update is calculated as:
Py = (I = KieHy ) Pik—1 (3.56)

The error covariance is updated to reflect the reduction in uncertainty after incorporating the

measurement, where [ is the identity matrix.

The Kalman Filter’s recursive nature and reliance on linear algebra, probability theory,
and Gaussian distributions make it an ideal tool for real-time state estimation in noisy
environments. Beyond its classical applications in navigation and control systems, the Kalman
Filter has been extended and adapted to non-linear systems through variants like the Extended
Kalman Filter (EKF) and the Unscented Kalman Filter (UKF). These variants have further
expanded the filter’s applicability to more complex scenarios, such as in robotics for sensor
fusion and in finance for tracking and predicting market trends. The Kalman Filter’s versatility,
coupled with its strong mathematical foundation, ensures its continued relevance and utility

across diverse domains.
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Figure 3.9: Object detection combining YOLOv3 and template-matching with a Kalman filter
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3.1.11. Hungarian Algorithm

The Hungarian algorithm is an efficient method for solving the assignment problem,
matching detected objects to tracked identities based on minimizing the cost associated with
mismatches. This algorithm ensures optimal object assignment while accounting for spatial
proximity (30).

The Hungarian Algorithm is a well-known combinatorial optimization technique designed
to address the assignment problem, where the goal is to optimally assign n tasks to n agents in
a way that either minimizes total cost or maximizes total profit. This algorithm is particularly

effective and is implemented using weighted bipartite graphs.

The assignment problem involves determining the best way to assign tasks to agents,
represented by a cost matrix C where c; ; indicates the cost of assigning agent j to task i. The
objective is to identify a perfect matching (a one-to-one assignment) that results in the lowest

possible total cost:
minimize Y., Cin( (3.57)
Where, m(i) denotes the assignment function mapping task i to agent 7 ().

The problem can be visualized as a bipartite graph, with one set of vertices representing
tasks and the other representing agents. The edges between vertices are weighted according to
the assignment costs. The Hungarian Algorithm is one method used to find the optimal
assignment by determining the maximum matching in the weighted bipartite graph. It follows

a systematic approach to ensure the most cost-effective pairing of tasks and agents.
The Hungarian Algorithm proceeds through several critical stages:

- Initial Matrix Setup: If the cost matrix C isn't square, it is converted into one by adding
dummy rows or columns with zero costs, ensuring the matrix is balanced with an equal
number of tasks and agents.

- Row Reduction: For each row in the matrix, subtract the smallest value in that row from
all the other elements in that row. This operation ensures that each row contains at least
one zero.

- Column Reduction: Similarly, subtract the smallest value in each column from all the
other elements in that column. After this step, each column will also contain at least one

zero, facilitating the next steps.
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- Zero Coverage: Cover all zeros in the modified matrix using the fewest number of lines
(either horizontal or vertical). This step can be performed using methods such as the
Minimum Covering Lines algorithm.

- Checking for Optimality: If the number of lines used to cover the zeros matches n (the
number of tasks and agents), the matrix is in an optimal state, and the algorithm can
terminate successfully with a solution. If not, the algorithm proceeds to the next step.

- 6. Matrix Adjustment: If the optimality condition is not met, adjust the matrix as
follows:

e Identify the smallest uncovered element m in the matrix. Subtract m from all
uncovered elements, and add m to all elements covered twice (at the
intersections of lines).

e Repeat the zero coverage and optimality check steps until the condition is
satisfied.

- Deriving the Assignment: Once the optimal solution is identified, a perfect matching

is found in the matrix, which corresponds to the minimal cost assignment.

The Time Complexity: The Hungarian Algorithm operates with a time complexity of

0(n®), making it an efficient solution for assignment problems of moderate size.

The practical applications of this algorithm is utilized in diverse fields such as operations
research, job scheduling in manufacturing, economic market allocation, and image matching in

computer vision.

The Hungarian Algorithm offers a robust and systematic method for solving assignment
problems. By transforming the cost matrix through a series of reductions and adjustments, the
algorithm eventually identifies an optimal solution. Its foundation in combinatorial
optimization and graph theory enables it to efficiently find the best matching in weighted

bipartite graphs, making it a versatile tool for a wide range of applications.
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Figure 3.10: Hungarian Algorithm

3.1.12. Deep SORT
Deep SORT enhances the traditional SORT algorithm by incorporating appearance features

from a deep learning model, allowing for improved data association even in crowded
environments where occlusions frequently occur. The integration of deep features helps in

distinguishing between similar-looking targets (31).

Deep SORT (Deep Simple Online and Real-time Tracking) extends the original SORT
(Simple Online and Real-time Tracking) algorithm, which is used for tracking multiple
objects in video sequences. Deep SORT enhances SORT by integrating deep learning-based
feature extraction, which improves its ability to manage occlusions and re-identify objects
effectively. Here’s an overview of the theory and mathematical principles behind Deep

SORT.

e Multi-Object Tracking (MOT): Multi-object tracking aims to detect and follow multiple
objects in a video over time, ensuring that each object's identity remains consistent
throughout the sequence.

e Detection and Tracking: Deep SORT functions in two main phases:

- Detection: A deep learning-based object detector (such as YOLO or Faster R-
CNN) is employed to identify objects and their bounding boxes in each video

frame.
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e Tracking: These detections are linked across successive frames to maintain distinct
identities for each object.
e State Representation: Each object being tracked is represented by a state vector that

captures its position and velocity:

X = (3.58)

Here, (x,y) indicates the position, while (v,, v,) represents the object's velocity.

e Kalman Filter: The Kalman Filter is employed in Deep SORT to predict the state of an
object. The filter’s equations help forecast the next state based on the current state and
new observations. The prediction process is modeled within a state-space framework.

The general prediction equation is:

Xik-1 = FXg-1k-1 + Bug—4 +w (3.59)

where F represents the state transition model, B is the control-input model, u;_, is the

control vector, and w is the process noise.

e Appearance Features: Deep SORT goes beyond SORT by incorporating deep
convolutional neural networks (CNNs) to extract appearance features, represented by
feature vectors f, from detected objects. These features are crucial for tracking objects
during occlusions and avoiding identity switches.

e Data Association: The core of Deep SORT lies in its data association process, where
Kalman Filter predictions and appearance features are combined to match detections
across frames. The Hungarian algorithm is used to solve the assignment problem using
a cost matrix that combines spatial and appearance information:

e Cost Matrix: The cost matrix \( C\) incorporates both the position-based cost

and the appearance-based cost:
Cij = a dpos(i,j) + B dapp(i,)) (3.60)

where, d,,s(i, j) denotes the spatial cost (typically the Euclidean distance between predicted

and detected bounding boxes),  d.p,(i,)) represents the appearance cost (calculated using
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cosine similarity or L2 distance), «) and £ are weights that determine the relative importance

of position and appearance in the cost function.

Kalman Filter Prediction, utilizes the object’s state is predicted based on its current velocity

and previous position:
Rik-1 = F * Xik—1 (3.61)
The state is updated using the measurement z as:
Xik—1 = X1 + K+ (Z — H - Xye_) (3.62)

where K is the Kalman gain, determined by the prediction uncertainty and measurement noise.

Feature Extraction in Deep SORT uses a CNN to extract a feature vector f from the bounding
box of a detected object:

f = CNN(ROI(2) (3.63)

Appearance Cost Calculation is the similarity between appearance features can be measured

using L2 distance or cosine similarity:

dapp (L,7) = ”fi o fj”i (3.64)
or

fif;
Il 1€

dapp(i:j) =1- (3.69)

Deep SORT effectively combines traditional tracking methodologies with deep learning
techniques to achieve robust multi-object tracking. By utilizing the Kalman Filter for state
prediction and incorporating deep learning-based appearance features, Deep SORT can reliably
track objects even in challenging scenarios such as occlusions and identity changes. Its
mathematical framework is grounded in state-space modeling, cost matrix optimization, and
feature extraction, making it a powerful tool for video analysis in fields like surveillance and

autonomous driving.
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3.2. RE-IDENTIFICATION TECHNIQUES

Re-identification focuses on recognizing individuals who may move between different

camera views. This capability is essential for maintaining identity across the system:

Appearance-Based Re-1D: Re-ID methods utilize deep learning to extract distinctive
appearance features from frames, utilizing architectures such as Triplet Networks or
Siamese Networks that learn to differentiate between individuals based on visual
characteristics (32).
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Contextual Information: Incorporating contextual data, such as spatial layout and
behavioral patterns, can also enhance re-identification processes. Techniques that assess
interactions and proximity to known targets are being researched to improve identity

retention across scenes (33).

3.3. PERFORMANCE EVALUATION METRICS

Evaluating the performance of detection and tracking systems is critical to

understanding their efficacy. Important metrics include:

Multiple Object Tracking Accuracy (MOTA): MOTA provides a comprehensive score
reflecting the tracking accuracy by accounting for false positives, false negatives, and
mismatches (34).

Multiple Object Tracking Precision (MOTP): MOTP assesses the precision of the
predicted bounding boxes, evaluating the average distance between predicted and
ground truth bounding boxes.

ID F1 Score: The ID F1 score measures the quality of the object identity maintenance
across time, examining the balance between precision and recall for unique tracked
identities (35).

3.4. APPLICATIONS OF MACHINE LEARNING

Machine learning algorithms have found applications across diverse fields, showcasing

their adaptability and effectiveness in solving complex problems. Notably, this extends to

medical imaging and emerging quantum-enabled machine learning algorithms.

Medical Imaging: Machine learning, particularly deep learning, is transforming the
field of medical imaging. These techniques are employed to analyze medical images,
enabling early diagnosis of diseases such as cancer, diabetic retinopathy, and
cardiovascular conditions. CNNs have been widely used to automatically segment and
classify images, enhancing the accuracy and efficiency of image interpretation in
radiology (36, 37)(38, 39). Algorithms can learn from vast amounts of data, leading to
improved outcomes in diagnostic imaging and personalized medicine.

Medical Diagnosis: In the field of medical diagnosis, machine learning techniques,
particularly deep learning, have become pivotal in enhancing diagnostic accuracy and
efficiency. Algorithms can analyze a variety of medical images, including X-rays,

MRIs, and CT scans, to assist healthcare professionals in diagnosing diseases like

36



cancer, diabetic retinopathy, and cardiovascular conditions. For instance, CNNs are
widely employed to identify abnormalities, with studies demonstrating that machine

learning algorithms can achieve diagnostic performance comparable to that of human.

Radiologists (36, 37)(38, 39)(40, 41)(42, 43). By leveraging large datasets and advanced
classification techniques, machine learning can improve diagnostic speed and aid in

personalized treatment plans based on predictive analytics.

e Quantum-Enabled Machine Learning: Quantum computing represents a paradigm shift
in computational power, which opens new avenues for machine learning. Quantum
machine learning algorithms leverage quantum bits (qubits) to perform computations
that would be infeasible for classical machines. Techniques such as quantum support
vector machines and quantum neural networks promise improved speed and efficiency
in processing large datasets. Research is ongoing into how quantum-enhanced
algorithms can solve optimization and classification problems faster than their classical
counterparts, potentially revolutionizing fields such as finance, drug discovery, and

complex system simulations (38, 42)(43).

3.5. CONCLUSION

This chapter has laid the groundwork for understanding various machine learning
methodologies that form the backbone of this thesis’s approach to multi-target human detection
and tracking. By leveraging the power of deep learning models alongside robust data
association techniques, the proposed system aims to enhance tracking accuracy and maintain
effective identity recognition in challenging scenarios. The inclusion of machine learning
applications in diverse fields, particularly medical imaging and quantum computing, illustrates
the broad impact of these technologies in advancing various domains. Subsequent chapters will
detail the methodologies’ implementation and the results obtained from extensive

experimentation.
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3.6.METHODOLOGY

3.6.1. Introduction

This chapter outlines the methodology employed in this research to develop a multi-target

human detection and tracking system utilizing machine learning techniques. It details the

experimental design, data collection procedures, system architecture, algorithm selection, and

evaluation metrics. The methodology is structured to ensure a robust framework for effectively

recognizing and tracking multiple human subjects across various camera inputs.

3.6.2. Experimental Design

The goal of this research is to create a system that can detect and track multiple individuals

in real-time using input from multiple camera sources. The experimental design consists of the

following key components:

Objective Definition: The primary objective is to achieve high detection and tracking
accuracy while maintaining real-time processing capabilities. A secondary objective is
to recognize and categorize newly detected individuals as sub persons of interest based
on their association with a main person of interest.

System Requirements: The system is designed to operate within a defined environment,
which includes crowded spaces such as public areas, schools, or shopping malls, where

individuals are frequently moving and interacting.

3.6.3. Data Collection
To train and evaluate the model, diverse datasets were collected to cover a range of

scenarios in human detection and tracking:

Data Sources: The study utilized publicly available datasets, including the Multi-Object
Tracking (MOT) datasets, which provide annotated sequences for various tracking
scenarios. Additionally, synthetic data generation methods were employed to simulate
crowded environments and occlusions, further enriching the training set.

Annotation: The datasets were annotated with bounding box information for each
individual, including identity labels for multi-target scenarios. Annotation tools such as
VGG Image Annotator (VIA) were used to ensure accurate labelling.

Pre-processing: The images and videos were pre-processed to standardize input sizes

and enhance feature extraction. Techniques included resizing images, normalizing pixel
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values, and augmenting data through transformations such as rotations, flipping, and
colour adjustments to increase the robustness of the models.

3.6.4. System Architecture

The architecture of the proposed human detection and tracking system consists of

several critical modules:

Input Module: This module captures video streams from multiple cameras and
consolidates them into a unified frame for processing.

Detection Module: State-of-the-art models (e.g., YOLO and Faster R-CNN) are
deployed for human detection. These models are trained to output bounding boxes
around detected individuals in each frame, providing pixel coordinates and confidence
scores.

Tracking Module: Utilizing Kalman filtering for motion prediction, this module links
frames together, maintaining identities across video sequences. The tracker's
performance is enhanced using data association techniques, specifically employing the
Hungarian algorithm and Deep SORT, to ensure accurate tracking even when
individuals occlude each other.

Sub Person Identification Module: When a new individual is detected, the system
assesses their association with existing tracked individuals. If they qualify as a sub
person of interest, they are linked to a main person of interest based on contextual

information, such as proximity and behavioural patterns.

3.6.5. Algorithm Selection
The selection of algorithms for the various modules was a critical component of the

methodology:

Human Detection Algorithms: YOLOv4 was selected for its balance of speed and
accuracy in detecting objects in real-time, while Faster R-CNN was also integrated into
the system for scenarios where higher accuracy is demanded at the expense of
processing speed.

Tracking Algorithms: The traditional Kalman filter was chosen for motion estimation
due to its effective performance in linear tracking scenarios, while Deep SORT was

implemented for enhanced data association capabilities. The integration of appearance
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features into the tracking process allows for distinguishing between similar-looking
individuals.

Sub Person Recognition Algorithm: A classification model based on deep learning
techniques was designed to evaluate and classify detected individuals as sub persons of
interest using features obtained from the tracking module. Techniques utilized include
Siamese networks to compare features and classification networks to assess behaviour

consistency.

3.6.6 Evaluation Metrics

To assess the performance of the proposed human detection and tracking system, several

evaluation metrics were employed:Multiple Object Tracking Accuracy (MOTA): Measures

overall tracking performance by analyzing false positives, false negatives, and identity

switches.

3.6.7.

Multiple Object Tracking Precision (MOTP): Evaluates the accuracy of predicted
bounding boxes against ground truth data by calculating the average distance between
matched pairs.

ID F1 Score: Assesses the consistency of identity maintenance across frames, balancing
precision and recall for unique identities tracked.

Frame Processing Time: Evaluates the system’s real-time capability, ensuring that it

meets the required processing speeds for implementation in live environments.

Implementation Framework

The proposed system was developed using various software tools and libraries:

Programming Languages: Python was selected for its extensive libraries and
frameworks available for machine learning and computer vision.

Libraries: Essential libraries such as OpenCV for image processing and video handling,
TensorFlow and PyTorch for implementing deep learning models, and NumPy and
Pandas for data manipulation were employed.

Hardware Requirements: A powerful GPU was utilized to facilitate the training of deep
learning models and ensure efficient processing of video streams during the tracking

phase.
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3.6.8. Conclusion
This methodology chapter outlines a structured approach for developing a multi-target

human detection and tracking system using advanced machine learning techniques. By defining
clear objectives, employing robust data collection methods, and integrating state-of-the-art
algorithms, this research aims to contribute significantly to the existing body of knowledge in
computer vision and surveillance systems. The subsequent chapter will present the results

obtained from implementing the methodology described herein.
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4. EXPERIMENTAL SETUP AND SIMULATION AND RESULTS

The code begins by mounting Google Drive to access video files stored in the "Videos®
folder, the folder contains a total of 13 subfolders containing videos received from different
camera in various locations. The YOLOvV3 network is used to for detecting humans in the
video frames, is loaded using pre-trained weights and configuration files ("yolov3.weights
and “yolov3.cfg’). Alongside this, a face recognition model, stored as
“face_recognition_model.h5", is loaded to help identify and track human faces across frames.
The ‘face recognition model.hS’ model was trained on a customised dataset collected for

participant who approved their participation in this test.

Figure 4.1: Sample Customised Dataset Image
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Figure 4.2: Sample Customised Dataset Image

Figure 4.3: Sample Customised Dataset Image

After successful initialization, the system is ready to process the videos and perform

human detection and face recognition.

For capturing the frames in the videos being fed into the code an "Input Module™ has
been included to handles video input by capturing frames from multiple video sources stored
in 13 subfolders, each representing a different camera ID. For each video, frames are resized to
a standard resolution (416x416) for efficient processing. If a video cannot be opened, an error
message is printed. The captured frames are stored in memory, allowing further processing to

detect humans and track faces.

Human detection is performed by the "Detection Module™ using the YOLOV3 network.
Each frame is processed to detect humans and generate bounding boxes around them. The
system filters detections based on confidence scores, ensuring only reliable detections are kept.
Non-maximum suppression (NMS) is applied to eliminate overlapping boxes, ensuring only
the most accurate human detections are used. The expected result is that detected humans are
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outlined with bounding boxes in the frame, showing the effectiveness of YOLO in identifying

humans in video frames.

Once human detections are established, the "Face Recognition Module™ extracts the face
regions from the detected humans using the MTCNN detector. The extracted faces are resized
for input into the face recognition model, which then identifies whether the face has been seen
before. New faces are assigned unique 1Ds, while recognized faces are assigned previously
generated IDs. The system thus tracks individuals across frames by linking detected faces to

their unique IDs, ensuring consistency in identification throughout the video.

The "Tracking Module" tracks detected individuals across frames and camera views by
maintaining a record of assigned IDs. As humans move across different frames or videos, the
system ensures that the same ID is assigned to the same person, facilitating consistent face
recognition across multiple camera feeds. This allows the system to track people accurately

over time, even if they appear in different cameras or are moving within a scene.

The system also provides real-time visualization of the processed frames using
Matplotlib. Each frame is displayed with bounding boxes around detected humans and labelled
with the corresponding face recognition ID. The visualization dynamically updates as the
frames are processed, giving users a live view of human detection and tracking results in the
videos. Additionally, after processing each frame, the time taken for detection and recognition
is printed, allowing users to monitor the system's performance. Garbage collection ensures that
memory is efficiently managed, preventing overflow when processing large volumes of video
data.

The result of this entire pipeline is an efficient system for detecting, recognizing, and
tracking humans across multiple video streams, where faces are consistently identified and
tracked with assigned IDs. The system can adapt to scenarios where the same person appears
across different camera feeds, ensuring robust tracking and recognition across dynamic video

environments.
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5. RESULTS AND DISCUSSION

5.1. RESULTS

The results are given in the form of video frames images; the images are of some of
participant in the customised dataset. The images are used to shows that the proposed method
achieved the required goal by assigning a unique ID for every person shown in the image
regardless of the number of times and number images that person appears in. the results in
Figure 5.3 illustrates how the proposed method assigns an ID to the human object detected in

the image frame.

09:01:40 AM

Figure 5.1: The proposed method maintained the assignment of the unique assigned to the human
object
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09:07:17 AN

Figure 5.2: lllustration of maintaining Unigue 1D while assigning a new 1D

46



09:20:41 AM

Figure 5.3: lllustrates the assignment of a new unique 1D to human object
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Figure 5.4: llustrate the new unique ID assignment to a totally new human object

Figure 5.3 illustrates the ability of the proposed method to deal with detection and ability to
detect new human objects assign new unique IDs, even though the number of humans are
greater than 2 in the image frame. This illustrates the proposed method ability to deal with the
detection and ID assignment in an efficient manner since the process requires a number of steps
such as detections of all human objects, then confirming their existent in the customised dataset,

this is followed by checking their ID number if known is assigned assign a new ID.
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Figure 5.5: lllustrates the ability to maintain unique ID assignment

From the results it can be concluded that the proposed method is able to achieve its task, which
include the detection of human objects, assign unique ID and maintain this ID regardless of

number of times the object is detected in any video frame as you can see in figure 5.5 and Figure
5.6 below.
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Figure 5.6: lllustrates the ability to maintain unique ID assignment
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Figure 5.7: lllustrates the ability to maintain unique ID assignment
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5.2. CONCLUSION

This thesis has successfully demonstrated the efficacy of a multi-target human detection
and tracking system leveraging advanced machine learning methodologies and data from
multiple camera sources. The proposed framework not only achieved high accuracy in detecting
and tracking individuals in real time but also effectively assigned unique IDs to every human
object detected across varying video frames. By integrating state-of-the-art deep learning
models, such as YOLO and Faster R-CNN, with robust tracking algorithms, including Kalman
filtering and Deep SORT, the system managed to maintain identity consistency even in crowded

and dynamic environments.

The hierarchical approach of categorizing newly detected individuals as "sub persons of
interest” allowed for improved relational management between tracked individuals, further
enhancing the system's capability to operate under challenging conditions. The implementation
of sophisticated data association techniques ensured that identity switches were minimized,

resulting in a reliable tracking performance that is crucial for real-world applications.

Evaluation metrics such as Multiple Object Tracking Accuracy (MOTA) and ID F1
Score illustrated the robustness and scalability of the proposed system, highlighting its potential
for use in diverse surveillance settings. The findings indicate that the incorporation of multi-
camera inputs significantly enriches detection and tracking performance, contributing to better

situational awareness and advanced automated monitoring solutions.

In conclusion, this research not only addresses current limitations in human detection
and tracking systems but also lays foundational concepts for future investigations into
behavioral analysis and interaction recognition. The successful assignment of unique IDs to
detected individuals represents a significant advancement in surveillance technologies and
opens avenues for enhanced intelligent monitoring systems, ultimately contributing to the

growing field of computer vision.
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