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ABSTRACT

Multi-object tracking (MOT) is a critical step for safe and reliable operations of

robotics and autonomous systems in dynamic and cluttered environments which are

inherent to real-world applications. This thesis introduces a novel MOT framework

designed for the Robot Operating System (ROS), serving as a versatile foundation

for the implementation, testing, and evaluation of various MOT algorithms within

the realm of robotics and autonomous systems. A key hallmark of this framework is

its integration with both simulated environments and real-world robotic platforms,

facilitating exhaustive testing and refinement of MOT algorithms under a broad spec-

trum of conditions. Moreover, this comprehensive framework is distinguished by its

capability for automatic ground truth generation enables detailed and systematic

evaluation across numerous operational scenarios.

Within this framework, the Ego-motion Aware Target Prediction module (EMAP)

is developed, which significantly enhances the performance of detection-based multi-

object tracking algorithms. By integrating camera motion and depth information,

EMAP effectively decouples camera movement from object trajectories, thereby min-

imizing tracking disturbances caused by the ego-motion of the observer. EMAP’s

effectiveness is rigorously demonstrated through evaluations using the KITTI dataset

and a custom-generated dataset in the CARLA autonomous driving simulator, show-

ing substantial improvements in tracking performance, especially in scenarios marked

by significant camera motion or the absence of detections.

Additionally, this thesis presents a self-supervised multi-object tracking algorithm

that incorporates an adaptive track-matching mechanism. This mechanism leverages

unlabeled data to refine tracking precision and efficiency, reducing the dependency on

extensive manual annotations and thereby enabling more scalable and generalizable

tracking applications. Together, these contributions significantly advance the field
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of autonomous systems and robotics by paving the way for more robust and reliable

multi-object tracking technologies.
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Chapter 1

Introduction

1.1 Motivation

Multi-object tracking (MOT) is a fundamental task in computer vision, underpinning

various applications that significantly impact our daily lives and numerous indus-

tries. Primarily, this task involves identifying and tracking multiple objects across a

sequence of images, which presents challenges such as occlusions, changes in object

appearance, and varying object velocities. This technology is pivotal in many con-

texts, such as autonomous vehicle navigation, where precise tracking of other vehicles

on the road and pedestrians is necessary for the vehicle to operate safely. It also

plays a central role in surveillance systems, enabling the surveillance of pedestrians in

densely populated areas for security purposes. Additionally, multi-object tracking is

instrumental in sports analysis as it provides detailed tracking of players and objects,

which offers rich and valuable insights into game dynamics. Furthermore, in robotics

applications, it facilitates the interaction between robots and their environment, al-

lowing for object avoidance, navigation, and environment mapping.

Ego-motion awareness is a crucial aspect of enhancing the performance of multi-
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object tracking algorithms, mainly because it enables tracking systems to compre-

hend and account for their own motion within the environment. By incorporating

ego-motion awareness, trackers can differentiate between the motion of objects and

the motion of themselves. Such integration increases tracking accuracy and robust-

ness; for example, in autonomous vehicle navigation, understating the motion of the

vehicle allows for more precise tracking of surrounding objects by compensating for

the movements of the ego vehicle. This leads to safer navigation decisions as the

system can accurately predict the trajectories of other objects.

Having ego-motion awareness as a modular component within multi-object track-

ing systems offers multiple benefits. Firstly, it can be integrated with various track-

ing algorithms and enhance performance without requiring extensive modifications.

Secondly, it allows the ego-motion-aware prediction component to be modified and

improved independently from the tracking system. Lastly, this isolation helps devel-

opers focus on optimizing this aspect for different sensor setups and application needs,

further enhancing the versatility and applicability of multi-object tracking algorithms

in different domains.

Another approach to multi-object tracking is using self-supervision to use un-

labeled data to improve tracking accuracy and efficiency. This method alleviates

the intensive labor and resource demands typically associated with annotating large

datasets, enabling algorithms to learn and adapt from the data without explicit man-

ual guidance. By employing an adaptive mechanism tuning itself to various conditions

and datasets, self-supervised multi-object tracking achieves remarkable flexibility and

generalizability. This enhances the system’s ability to handle diverse tracking scenar-

ios and reduces the need to fine-tune parameters for different applications constantly.

Consequently, self-supervised multi-object tracking paves the way for more scalable,

adaptable, and accessible tracking technologies, making it a valuable advancement in
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pursuing more robust autonomous vision systems.

To address the multifaceted challenges of multi-object tracking, developing a com-

prehensive framework that can seamlessly ingest sensor data from simulated environ-

ments and real-world robotic platforms is essential. Such a framework significantly

enhances the implementation, testing, and evaluation of multi-object tracking algo-

rithms by providing a standardized platform for algorithm application. Integrating

advanced simulation environments capable of automatically generating ground truth

data across diverse scenarios—including various maps, weather conditions, and dy-

namic objects—offers invaluable benefits. It enables rigorous and extensive testing of

multi-object tracking algorithms under various conditions, ensuring their robustness

and adaptability. Such a framework not only streamlines the development process

but also propels advancements in the field by facilitating the fine-tuning of algorithms

to meet the demands of real-world application scenarios, marking a significant stride

towards achieving more autonomous and reliable tracking systems.

1.2 Contributions

The primary contributions of this thesis can be summarized as follows:

1. Multi-object Tracking Framework: A comprehensive MOT framework is

introduced, characterized by a structured design flow that optimizes the devel-

opment and debugging process of MOT algorithms. This framework is uniquely

designed to facilitate algorithm testing with diverse simulation datasets, featur-

ing automatically generated ground truth data, and enables seamless integra-

tion with real-world robotic systems. Through this structured approach, the

adaptability and effectiveness of MOT algorithms are significantly improved

across both simulated environments and practical applications, addressing crit-
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ical challenges in the field.

2. Self-supervised Multi-object Tracking Algorithm with Adaptive Track-

Matching: Our study pioneers a fully self-supervised yet highly generaliz-

able methodology for multi-object tracking. At the heart of our approach lies

an adaptive track-matching threshold, ingeniously crafted from a reliable self-

supervisory signal, allowing the algorithm unprecedented adaptability across

various datasets. This methodology eschews the traditional pursuit of peak

performance on benchmark datasets like MOT20 to develop a versatile solution

capable of tackling the broad spectrum of challenges inherent to MOT. Our

findings underscore the method’s efficacy, showcasing its ability to yield results

comparable to those of both supervised and unsupervised counterparts without

necessitating the arduous task of hyperparameter re-tuning for new scenarios.

Additionally, augmentation of the approach with a post-processing module is

envisaged, designed to merge potentially discarded tracks, thereby elevating

the overall performance of the algorithm and further cementing its utility as a

robust, adaptable solution for challenges in multi-object tracking.

3. Ego-Motion Aware Target Prediction Module: Addressing the chal-

lenges posed by conventional prediction methods in Detection-based Multi-

object Tracking (DBT), particularly in scenarios characterized by significant

camera motion or the absence of detections, the Ego-Motion Aware Target Pre-

diction (EMAP) module is introduced. This innovative approach leverages a

novel Kalman Filter (KF)-based prediction module that effectively integrates

camera motion and depth information with object motion models. By de-

coupling camera rotational and translational velocity from object trajectories,

our method substantially reduces the disturbances caused by camera motion,

thereby enhancing the reliability of the object motion model. The EMAP mod-
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ule’s integration with state-of-the-art base MOT algorithms—OC-SORT, Deep

OC-SORT, ByteTrack, and BoT-SORT—demonstrates its efficacy. Specifically,

our evaluation on the KITTI MOT dataset reveals a dramatic reduction in

the number of identity switches (IDSW), with OC-SORT and Deep OC-SORT

experiencing drops of 73% and 21% respectively. Moreover, the integration

of EMAP results in an improvement of more than 5% in the HOTA metric

for these algorithms, showcasing its potential to enhance MOT performance in

autonomous driving and similar applications significantly.

1.3 Thesis Outline

This thesis is structured into several chapters, each dedicated to different facets of

multi-object tracking. An outline of these chapters is provided below:

• Chapter 2: The MOT Framework and Literature Review

Focuses on the comprehensive MOT framework designed for testing, evaluation,

and deployment of MOT algorithms. It provides insights into the structured

design flow, integration with simulated environments and real-world robotic

platforms, and discusses the advantages of this comprehensive approach to MOT

research. The literature review is also included in this chapter.

• Chapter 3: Self-supervised Multi-object Tracking Algorithm with

Adaptive Track-Matching

Explores the development of a fully self-supervised, highly generalizable MOT

algorithm that utilizes adaptive track-matching. This chapter delves into the

methodological foundations of using a self-supervisory signal for adaptive thresh-

olding and discusses its impact on flexibility and generalizability across datasets.
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• Chapter 4: Ego-motion Aware Target Prediction Module for Multi-

object Tracking

Introduces the Ego-Motion Aware Target Prediction (EMAP) module, detailing

the methodology behind the integration of camera motion and depth informa-

tion with object motion models. It discusses the challenges faced by conven-

tional prediction methods in autonomous driving scenarios and proposes a novel

approach to improve MOT performance.

• Chapter 5: Conclusions and Future Work

Concludes the thesis with a summary of the contributions and the significance

of the research within the context of robotics and autonomous systems. It also

addresses the limitations encountered during the study and outlines potential

directions for future research.
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Chapter 2

The MOT Framework and

Literature Review

In this chapter, the multi-object tracking (MOT) framework is explained, and a struc-

tured design flow for the development of MOT algorithms is introduced. The metic-

ulously organized steps of our design flow are designed to optimize the debugging

process for evaluating the efficacy of MOT algorithms. This approach facilitates the

testing of algorithms using diverse, specially tailored simulation datasets equipped

with automatically generated ground truth data. Furthermore, it allows for seam-

less integration with real-world robotic systems, necessitating minimal modifications.

This comprehensive strategy enhances the adaptability and effectiveness of MOT

algorithms in both simulated and practical environments.
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2.1 Background

2.1.1 Gazebo Simulator

Gazebo serves as an open-source robotic simulator extensively employed across the

developmental lifecycle of robotic systems, encompassing design, testing, and val-

idation phases within simulated environments. Notably, one of Gazebo’s primary

strengths lies in its capacity to generate intricate robotic scenarios with a heightened

level of realism. Moreover, its seamless integration with the Robot Operating Sys-

tem (ROS) offers developers a conducive environment for algorithmic refinement and

implementation.

In the context of multi-object tracking, Gazebo’s simulation capabilities allow for

the detailed modeling of robot sensors, such as LiDAR, radar, and cameras, which

are critical for object detection and tracking. By accurately simulating the character-

istics and limitations of these sensors, researchers can develop and refine tracking al-

gorithms that are robust to real-world operational challenges. Additionally, Gazebo’s

support for dynamic interaction between objects and the environment enables the in-

vestigation of the performance of tracking algorithms in complex scenarios, including

occlusions, varying object speeds, and densities. Figure 2.1 shows an example of a

bookstore that is simulated in the Gazebo environment.

2.1.2 CARLA Self-driving Car Simulator

Similar to Gazebo, CARLA [3] stands out as an open-source simulator primarily de-

signed for autonomous driving applications. CARLA adopts the ASAM OpenDRIVE

[4] standard to describe its road networks and urban landscapes. This standard, pro-

vided by ASAM, furnishes a comprehensive description of road networks, facilitating
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Figure 2.1: Example of a bookstore environment in the Gazebo simulator [1].

the validation of advanced driver-assistance systems (ADAS) and ensuring seamless

interoperability among various simulators.

CARLA operates on a server-client architecture paradigm, where the server or-

chestrates the simulation and renders the virtual environment. Conversely, the client,

implemented in Python, manages the interaction between agents and the server. Com-

munication between the server and agents occurs through socket connections, enabling

efficient data exchange and synchronization.

Environments that are generated by CARLA contain 3D models of static objects

as well as dynamic objects such as ground vehicles and pedestrians. More specifically,

the models include 40 different buildings, 16 types of vehicle models as well as 50

pedestrian models.

Maps

CARLA provides eight different types of maps in its ecosystem. Each of these maps

can be configured as layered or non-layered, the difference of which is explained below.

In non-layered maps, all of the layers are present in the simulation and cannot

be removed. On the other hand, in newer versions of the simulator, CARLA has
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introduced the concept of layered maps inside which the user can choose which layer

is presented in the environment.

CARLA vs Gazebo

While Gazebo is versatile in its application, providing support for a wide range of

robotics projects, CARLA is specifically designed for autonomous driving applica-

tions. CARLA particularly focuses on simulating complex urban driving scenarios,

including the behavior of vehicles and pedestrians, which is critical for autonomous

driving testing. Regarding sensor simulation, Gazebo provides a wide range of sen-

sors such as LiDAR, monocular, stereo, depth camera, infrared, ultrasonic, and GPS

sensors, as well as IMU, Force/Torque, and contact sensors. In CARLA, the selection

of sensors is tailored specifically for autonomous vehicle applications. For example

along with the RGB and depth cameras, sementic segmentation, optical flow, instance

segmentation, and event cameras are also provides in CARLA. In terms of detector

sensors, collision, lane invasion and obstacle detector sensors are provided in this

simulator. table 2.1 provides a detailed comparison between Gazebo and CARLA in

terms of their sensors.

2.1.3 Robot Operating System

The Robot Operating System (ROS) [5] is an open-source middleware suite designed

to support software development for robotic applications. It provides a flexible frame-

work that enables the integration and orchestration of software components in com-

plex robotic systems. Originating as a project at Stanford University in 2007, ROS

has become a pivotal tool in robotics research and development, offering a vast repos-

itory of tools, libraries, and conventions that facilitate the rapid development and

deployment of robotic functionalities. Figure 2.2 shows an overview of how topics
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Table 2.1: Comparison of Sensor Availability in Gazebo and CARLA Simulators.

Sensor Type Gazebo CARLA
RGB Camera ✓ ✓
Depth Sensor ✓ ✓
Lidar ✓ ✓
GPS/GNSS ✓ ✓
IMU ✓ ✓
Collision Detection ✓ ✓
Semantic Segmentation x ✓
Instance Segmentation x ✓
Radar x ✓
Altimeter ✓ x
Wind Sensor ✓ x
Thermal Camera ✓ x
Sonar ✓ x
Magnetometer ✓ x
Lane Invasion Detection x ✓
Obstacle Detection x ✓
Optical Flow x ✓
DVS (Dynamic Vision Sensor) x ✓
RSS (Responsibility-Sensitive Safety) x ✓

and nodes are connected to the ROS Master.

Nodes

ROS nodes are the basic execution units of a ROS-based system. Each node is a pro-

cess that performs computation and interacts with other nodes over the ROS network.

Nodes can be producers or consumers of information, such as sensor data processors,

actuators, controllers, or state estimators, allowing for a modular and distributed

approach to system design. This architecture supports the principles of reusability

and scalability, crucial for the development of complex robotic applications.
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Topics and Messages

Communication among nodes in ROS is primarily handled through topics and mes-

sages. Topics are named channels that nodes use to exchange data, operating on a

publish-subscribe model. Messages, the structured data sent over these channels, are

defined using simple language-independent data types, facilitating interoperability

and flexibility. This mechanism allows nodes to communicate asynchronously, shar-

ing information such as sensor readings or control commands without requiring direct

knowledge of each other’s existence or operation.

Services

For synchronous communication, ROS introduces services, which operate on a request-

response mechanism. Services are characterized by a set of message structures, com-

prising one for the request and another for the response. Nodes can offer services to

perform specific operations and respond to requests from other nodes. This model

is particularly useful for performing operations that require immediate feedback or

action, enhancing the system’s capability to handle dynamic and real-time require-

ments.

2.1.4 ROS Master

The ROS Master plays a central role in the ROS architecture, acting as a name

service for nodes. It enables nodes to discover each other and establish communication

channels for exchanging messages or invoking services. The ROS Master maintains

a registry of topics, services, and active nodes, facilitating the dynamic configuration

and coordination of the system’s components.
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Figure 2.2: Overview of ROS Communication

Message Passing

Message passing in ROS is designed to be both efficient and flexible, supporting

diverse communication patterns through topics and services. This framework allows

for the decoupled operation of system components, enabling distributed processing

and enhancing the system’s resilience and scalability. The message-passing interface

is a cornerstone of ROS, providing the foundation for the complex interactions that

underpin robotic functionalities and behaviors.

2.1.5 The Jackal UGV from Clearpath Robotics

The Jackal Unmanned Ground Vehicle (UGV) [6], developed by Clearpath Robotics,

represents a cornerstone in robotics research platforms, combining mobility, versa-

tility, and advanced computational capabilities. Engineered for adaptability across

various terrains, the Jackal UGV is an all-terrain, fully programmable platform that

facilitates comprehensive research and development efforts, especially within the do-
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main of robotics and autonomous systems.

Equipped with a robust suite of sensors and an onboard computer, the Jackal UGV

is designed to support complex applications ranging from autonomous navigation to

multi-object tracking. Its compatibility with the Robot Operating System (ROS)

empowers researchers to leverage an extensive array of tools and libraries, accelerating

the development and deployment of new algorithms and functionalities.The platform’s

integration with various sensors, including LiDAR, cameras, and GPS, enables the

capture and analysis of environmental data essential for tracking multiple objects in

diverse and challenging scenarios.

Moreover, the Jackal UGV’s computational resources facilitate on-the-go data pro-

cessing, significantly enhancing the efficiency and responsiveness of tracking systems.

This capability is critical for developing applications where real-time analysis and

decision-making are paramount. Through its advanced features and ROS integra-

tion, the Jackal UGV exemplifies a pivotal tool for advancing research in multi-object

tracking, offering both the mobility and computational power necessary to tackle the

complexities of real-world environments. Figure 2.3 shows our Jackal Clearpath robot

I have used to deploy my multi-object tracking algorithms.

2.2 Related Work

2.2.1 Single Object Tracking

The problem of tracking a single object can be defined as following a bounding box of

an object that has been marked in the first frame of a video sequence for the duration

of the sequence. In classic object tracking, optical flow is used to track the location

of the pixels with the assumption that the optical flow is constant in the vicinity of

a single object. Lucas-Kankade [7] is one of the most common methods, used for
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Figure 2.3: The Jackal UGV equipped with a Velodyne VLP-16 LiDAR, two RGB-D
cameras, wheel encoders, and an IMU, demonstrating its comprehensive sensor suite
for advanced robotic applications.

optical flow estimation. In this method, the assumption of constant pixel flow in the

neighborhood is written for every pixel and the goal is to minimize the sum of the

squares of the errors produced in each of the equations.

Given an image I(x, y, t), where x and y represent spatial coordinates and t rep-

resents time, the brightness constancy assumption can be expressed as:

I(x, y, t) = I(x+ dx, y + dy, t+ dt) (2.1)

Using the Taylor series expansion and ignoring higher-order terms, the following is

obtained:

I(x, y, t) +
∂I

∂x
dx+

∂I

∂y
dy +

∂I

∂t
dt = I(x, y, t) (2.2)

This simplifies to the optical flow constraint equation:

∂I

∂x
vx +

∂I

∂y
vy = −

∂I

∂t
(2.3)

where vx =
dx
dt

and vy =
dy
dt

are the components of optical flow in the x and y directions,
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respectively. This can be written in matrix form as:

Ix
Iy

 ·
vx
vy

 = −It (2.4)

where Ix =
∂I
∂x
, Iy =

∂I
∂y
, and It =

∂I
∂t

are the partial derivatives of the image intensity

with respect to x, y, and t, respectively.

Another approach to object tracking is using correlation filters [8–15]. After the

selection of the object bounding box in the first frame, the object will be tracked

by matching the template with the regions in the next image frame, and the most

similar region will be selected as the matched region. The template will then be

updated based on the new tracked bounding box in the new frame. Correlation-based

trackers are computationally efficient and can handle various object appearances and

motions. However, they may suffer from challenges such as occlusions, scale changes,

and appearance variations.

Deep-learning-based methods: Deep-learning methods have been used in object

tracking both for feature extraction and position prediction. The main deep learning

architectures used for object tracking are CNN, Autoencoder, and RNN.

Algorithms that are based on RNNs utilize the power of recurrent neural networks

in sequence-related tasks. In [16], the authors integrate RNNs into the tracking pro-

cess to explicitly model the temporal dependencies across video frames. Having the

tracking problem regarded as a sequence learning problem, RNN can predict the fu-

ture state of the object considering the history of the object’s position. The main

power of this method is to handle occlusions and long-term dependencies as RNNs

are able to maintain information about the object even if the object is temporarily

lost. [17] combines Siamese networks with LSTM units in order to capture the spa-

tial and temporal features of the target object more effectively. The siamese network
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takes pairs of frames as input and extracts features from them, and the LSTM models

the temporal relationship between the extracted features. LSTM’s ability to remem-

ber and utilize historical appearance information results in the enhancement of the

tracker’s robustness to occlusions.

2.2.2 Detection-based Multi-object Tracking

Most of the leading MOT approaches [18–23] follow the detection-based tracking

schema. Providing that the object detectors have improved significantly during the

recent years [24–26], these methods rely on the detections as their input and focus

on finding the optimal association between the per-frame detection boxes. DBT al-

gorithms are also referred to as graph model-based tracking as the problem can be

redefined as a graph optimization problem. In this category of solutions, the MOT

problem is divided into three separate tasks: detection, prediction, and association.

While this provides the advantage of modularity, the overhead of each task is also

considerable. Moreover, the overall performance of the approach is significantly in-

fluenced by the detection module. As a result, when the detection module fails to

detect objects, the prediction module is responsible for predicting the future location

of the missed object until the object is detected again by the object detector. In

the prediction part, the goal is to find the best prediction of the object’s location in

the next frame based on the previous trajectory of the track. Many of the dominant

methods [20–22] use Kalman Filter as their prediction model. In [20], the authors

proposed OC-SORT, a method to fix the accumulated noise during occlusion by gen-

erating a virtual trajectory for the occlusion period while keeping the simple Kalman

filter model.

Some methods [27, 28] view the prediction and association phase as a joint problem

and try to solve the problem using RNNs. The authors of [27] present a structure of
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RNNs that uses motion, appearance and interaction features of the objects to perform

prediction and association based on the cues over a temporal window.

Some works [22, 29, 30] concentrated on enriching the association phase by uti-

lizing the appearance features. In [22] the authors propose a deep association metric

by training a CNN on MARS [31] person reidentification dataset. [30] introduced

an innovative unsupervised re-identification learning module, eliminating the need

for object labels. Additionally, they incorporated an occlusion estimation module to

predict occluded areas, achieving results on par with supervised approaches.

2.2.3 Motion Modeling

SORT-based tracking approaches leverage a constant velocity Kalman Filter model to

represent and predict the motion of objects within the frame. While this simple model

is able to represent the movement of objects well in occlusion-free static-camera envi-

ronments, its generalizability decreases in moving camera scenarios specifically when

occlusion occurs. Several trackers [23, 32–35] used motion cues from objects and the

ego-camera to provide a sturdier motion model. MAT [23] utilizes the Enhanced

Correlation Coefficient Maximization (ECC) [36] model to estimate the camera’s ro-

tational and translational motion. Initially, the system employs Kalman Filter to

predict object motion. Subsequently, an alignment step is performed using ECC to

align the prediction. Furthermore, [35] introduces a motion-aware matching module

to match tracks with the new observations based on the motion features.

While in the above motion modeling approaches the authors try to integrate mo-

tion clues in their method to increase the reliability of the MOT approach, none of

them have directly applied the motion information to the Kalman Filter represen-

tation. In this work, SORT’s state definition is modified, and the Kalman Filter is

reformulated by injecting the ego-motion data into the formulation in order to reject
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disturbances and increase the reliability of the model.

2.2.4 Baseline SORT-based Trackers

This section outlines the evolution of tracking algorithms built upon and inspired

by the Simple Online and Realtime Tracking (SORT) [18] algorithm. SORT has

significantly impacted the field of multi-object tracking, leading to the development

of a new category of algorithms that derive from its foundational principles. Within

this framework, four of the main state-of-the-art algorithms, developed as extensions

of SORT, will be explored, showcasing the advancements and specific contributions

each has made to the field.

Simple Online Real-time Tracking (SORT)

In SORT [18], the solution for the MOT problem is provided in three stages. De-

tection, prediction (estimation model), and data association. For the detection stage

FrRCNN has been used to generate detected object bounding boxes from the input

image in each frame. In the prediction stage, a linear constant velocity motion model

has been used to model the motion of target objects and propagate the identity of

targets to the following frame. The state definition of SORT is described in 4.3. where

u and v represent the horizontal and vertical pixel coordinates of the center of the

target object’s bounding box, s denotes the scale (area) of the bounding box, r is the

aspect ratio of the bounding box, and u̇, v̇, and ṡ correspond to the first derivatives of

u, v, and s with respect to time, respectively. This state vector is used to predict the

new locations of existing objects in subsequent frames based on their current states.

In the final stage of SORT, data association, the Hungarian algorithm [37] is uti-

lized to assign detections to existing tracks based on a cost matrix. The cost between

each detection and all existing tracks is calculated using the Mahalanobis distance
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between predicted states and detected bounding boxes, taking into account the uncer-

tainty of the prediction. This approach allows for efficient tracking of objects across

frames, even in cases of temporary occlusion or missed detections, by maintaining

identity continuity for each tracked object.

The Hungarian algorithm [37] is a polynomial-time combinatorial optimization

algorithm utilized for solving the assignment problem. It is particularly significant in

the field of robotics and multi-object tracking, where it optimizes the assignment of

objects to trackers in a bipartite graph model. The essence of the algorithm lies in its

ability to find a perfect matching of minimum weight in a weighted bipartite graph.

Problem Formulation Consider a bipartite graph G = (U, V,E) with two disjoint

sets of vertices U and V , and edges E connecting vertices from U to V . Each edge

(u, v) ∈ E has an associated weight w(u, v), representing the cost of assigning vertex

u to vertex v. The goal is to find a perfect matching M ⊆ E that minimizes the total

weight
∑

(u,v)∈M w(u, v), ensuring that each vertex is involved in exactly one matched

pair.

Algorithm Overview The Hungarian algorithm operates in the following steps:

1. Initial Reduction: For each row and column of the cost matrix, subtract the

smallest element of each row from all its elements, and then do the same for

each column. This step reduces the problem to one where the minimum cost is

zero.

2. Covering Zeros: Cover all zeros of the matrix using a minimum number of

vertical and horizontal lines.

3. Adjusting the Matrix: If the minimum number of covering lines equals the

matrix’s order, it indicates the presence of an optimal assignment among the
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covered zeros. Otherwise, locate the smallest element not covered by any line.

Subtract this element from all uncovered elements and add it to elements cov-

ered twice. Proceed to repeat from step 2.

The algorithm proceeds iteratively to adjust the cost matrix and increase the number

of independent zeros (zeros that are not in the same row or column as any other zero

in the chosen set) until a complete matching is achieved.

Time Complexity The computational efficiency of the Hungarian algorithm is

paramount for its application in real-time systems. The algorithm’s time complexity

is O(n3), where n is the number of vertices in one set of the bipartite graph. This

cubic time complexity is derived from the need to perform matrix adjustments and

zero coverings multiple times until the optimal assignment is found. Despite this

seemingly high complexity, in practice, the Hungarian algorithm performs efficiently

for the sizes of problems encountered in most applications within the robotics domain.

Furthermore, SORT incorporates an aging mechanism for tracks, whereby tracks

without associated detections for a certain number of frames are terminated to remove

outdated tracks. This mechanism helps in managing the number of tracks and ensures

that the tracking process remains focused on currently visible objects.

Overall, the SORT algorithm offers a simple yet effective solution for multi-object

tracking (MOT) by combining detection, prediction, and data association stages. Its

efficiency and relatively low computational cost make it suitable for real-time tracking

applications. However, it’s important to note that the performance of SORT can be

significantly influenced by the quality of the detection input and the chosen motion

model’s adequacy for the specific application scenario. Figure 2.4 shows an overview

of SORT.
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Figure 2.4: Diagram of the SORT (Simple Online and Realtime Tracking) algorithm,
illustrating its streamlined process for multi-object tracking. The figure outlines the
key phases of detection, state prediction with a Kalman Filter, data association using
the Hungarian algorithm, and track management.
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Figure 2.5: Deep OC-SORT Algorithm Architecture: This diagram depicts the work-
flow for real-time multi-object tracking, highlighting innovations like Camera Motion
Compensation (CMC), Dynamic Appearance Modeling (DA), and Adaptive Weight-
ing (AW), integrated with standard features like Re-identification (ReID) and Kalman
Filter prediction. These elements collectively improve accuracy and adaptability in
complex tracking scenarios. Innovations introduced by Deep OC-SORT are marked
in orange.

2.2.5 OC-SORT

Building upon the foundational principles of SORT, Observation-Centric SORT (OC-

SORT) introduces a novel framework designed to enhance robustness in tracking

objects, particularly under conditions of occlusion and non-linear motion [20]. OC-

SORT addresses the limitations of SORT by rethinking the motion model and data

association stages to be more observation-centric. This approach significantly reduces

error accumulation and increases tracking accuracy, especially in complex scenarios.
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Figure 2.6: Overview of the BoTSORT algorithm for multi-object tracking, highlight-
ing its core components: Detection, CMC, Tracklets, Deep Appearance Extraction,
Kalman Filter, Associations, and Track Management, leading to the final Output.
Innovations introduced by BoT-SORT are marked in orange.

Observation-centric Re-Update (ORU)

One of the key innovations of OC-SORT is the Observation-centric Re-Update (ORU)

mechanism. ORU is activated when a track, previously lost due to occlusion or missed

detections, is re-associated with a new detection. This mechanism leverages both

historical and newly observed data to generate a virtual trajectory for the occluded

period, effectively correcting the accumulated error in the Kalman Filter parameters of

the track. The ORU process thus ensures that the track’s state is accurately updated,

reducing drift and improving the continuity of object tracking across frames.
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Observation-Centric Momentum (OCM)

Another significant contribution of OC-SORT is the Observation-Centric Momentum

(OCM) strategy, which incorporates the motion consistency of objects into the data

association cost calculation. Unlike traditional approaches that rely on estimated

motion for association, OCM uses direct observations from object detections to as-

sess motion consistency. This reduces the influence of estimation noise on velocity

direction calculation and enhances the reliability of track-detection associations, par-

ticularly in scenarios where object motions are non-linear and unpredictable.

Performance and Implementation

OC-SORT achieves state-of-the-art performance on several benchmark datasets, in-

cluding MOT17 [2], KITTI [38], and DanceTrack [39]. It demonstrates significant

improvements over SORT, particularly in handling occlusions and non-linear object

motion, without compromising the algorithm’s real-time processing capability. OC-

SORT maintains a simple, online, and real-time framework, running at over 700 FPS

on a single CPU, which underscores its efficiency and suitability for real-time tracking

applications.

2.2.6 Deep OC-SORT

Deep OC-SORT [40] is an advanced multi-object tracking (MOT) algorithm that en-

hances the robustness and accuracy of tracking by adaptively incorporating visual

appearance cues into a motion-based tracking framework. Originating from the foun-

dational OC-SORT algorithm, Deep OC-SORT introduces three pivotal innovations:

Camera Motion Compensation (CMC), Dynamic Appearance (DA), and Adaptive

Weighting (AW), each tailored to mitigate specific challenges inherent in MOT. Fig-
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ure 2.5 shows an overview of this method.

Camera Motion Compensation (CMC)

CMC aims to improve object localization in scenes characterized by camera motion.

By leveraging a scaled rotation matrix and translation vector, CMC meticulously

adjusts the detected object components and Kalman filter states to counteract cam-

era movements. This process significantly enhances the precision of object position

prediction and association over time, particularly in dynamic settings.

Dynamic Appearance (DA)

DA revolutionizes the integration of visual appearance information by adjusting the

update rate of the appearance embedding based on the confidence level of the de-

tection. This dynamic strategy enables selective incorporation of high-quality ap-

pearance information, diminishing the adverse effects of occlusions and motion blur

on tracking accuracy. Employing a dynamic exponential moving average (EMA) for

appearance embeddings, DA fortifies the tracker’s resilience to appearance variations.

Adaptive Weighting (AW)

AW refines the detection-to-track association by augmenting the significance of ap-

pearance features according to their distinctiveness. It computes a cost matrix that

combines motion and appearance cues, with an adjustment to the appearance weight

influenced by the similarity scores between tracks and detections. This method en-

sures a heavier reliance on appearance information when it proves to be most distinc-

tive, thereby elevating track association accuracy.
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Performance and Evaluation

Deep OC-SORT achieves notable scores across various metrics on benchmark datasets

such as MOT17, MOT20, and DanceTrack, including HOTA, MOTA, and IDF1. Its

effectiveness is particularly evident in scenarios fraught with heavy occlusion and

frequent object crossovers.

2.2.7 BoT-SORT

BoT-SORT [41] represents a significant advancement in the realm of Multi-object

tracking (MOT), achieving state-of-the-art performance by adeptly combining motion

and appearance information with camera motion compensation (CMC) and a refined

Kalman Filter state vector. BoT-SORT and its extension, BoT-SORT-ReID, have

demonstrated remarkable results on MOTChallenge datasets including MOT17 and

MOT20, excelling in major MOT metrics such as MOTA, IDF1, and HOTA. Figure

2.6 provides a schematic representation of BoT-SORT.

Kalman Filter Improvements

At the core of BoT-SORT’s motion model is the Kalman Filter (KF), traditionally

utilized for predicting object trajectories. BoT-SORT introduces a modified state

vector that directly estimates the width and height of bounding boxes, enhancing

localization accuracy compared to conventional models that estimate the aspect ratio.

This adjustment allows for a more precise fit of bounding boxes to detected objects,

contributing to improved tracking performance.
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Camera Motion Compensation (CMC)

To address the challenges posed by camera movements, BoT-SORT incorporates Cam-

era Motion Compensation (CMC). By employing image registration techniques, the

algorithm compensates for camera motion, thereby ensuring that the predicted loca-

tions of objects remain consistent and accurate across frames. This feature is par-

ticularly crucial in dynamic scenarios, where camera motion can lead to significant

tracking errors.

IoU and Re-ID Fusion for Robust Associations

BoT-SORT introduces a novel method for fusing Intersection over Union (IoU) and

Re-Identification (Re-ID) scores to establish robust associations between detections

and tracklets. By prioritizing high-confidence detections for appearance feature ex-

traction and employing a dynamic strategy for combining motion and appearance

cues, BoT-SORT achieves a delicate balance between detection accuracy (MOTA)

and identity preservation (IDF1).

Performance and Benchmark Evaluation

BoT-SORT and BoT-SORT-ReID have set new benchmarks on the MOT17 and

MOT20 datasets, outperforming existing methods in all principal MOT metrics. This

achievement underscores the effectiveness of BoT-SORT’s integrated approach in han-

dling various tracking challenges, including occlusions and crowded scenes.

2.2.8 ByteTrack

ByteTrack [19] introduces a novel paradigm in multi-object tracking (MOT) by valu-

ing every detection box, irrespective of its score. This approach challenges the conven-
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tional practice of discarding low-confidence detections, which often results in missing

true objects and fragmented trajectories. ByteTrack’s core innovation lies in its ability

to effectively utilize low-score detections to enhance track continuity and robustness,

especially in scenarios with occlusions or non-linear movements.

Association by Every Detection Box

Contrary to traditional methods that rely solely on high-confidence detections for

identity association, ByteTrack incorporates nearly every detected bounding box in

its association process. This inclusive strategy employs the similarities between low-

confidence detections and existing tracklets to recover true objects and eliminate back-

ground detections effectively. The association process consists of two phases: initial

matching of high-confidence detections to tracklets based on motion and appearance

similarities, followed by a secondary matching phase where unmatched tracklets are

associated with low-confidence detections using motion-based criteria.

Enhanced Tracking Performance

ByteTrack’s association strategy significantly improves tracking performance, as demon-

strated by its state-of-the-art results on various benchmark datasets including MOT17,

MOT20, HiEve, and BDD100K. The algorithm not only excels in accurately tracking

objects across frames but also in maintaining identity consistency even in challeng-

ing conditions. ByteTrack’s effectiveness is particularly notable in densely populated

scenes and in situations with frequent occlusions, where its strategy of utilizing low-

confidence detections plays a pivotal role in preserving track integrity.
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Simplicity and Efficiency

One of ByteTrack’s key advantages is its simplicity and computational efficiency,

enabling real-time tracking performance. The tracker’s design leverages a high-

performance object detector coupled with a straightforward yet effective association

method, ensuring both high accuracy and speed. ByteTrack’s ability to run at 30 FPS

on standard hardware while achieving superior tracking accuracy underscores its po-

tential for practical applications, setting a new benchmark for real-time multi-object

tracking.

2.2.9 Evaluation Metrics

In the realm of multi-object tracking, a variety of metrics are employed to evaluate

different performance attributes, such as detection accuracy, identity preservation,

and overall efficacy of tracking. These metrics collectively shed light on the distinct

functionalities and capabilities of the tracking algorithms, as detailed below:

1. Higher Order Tracking Accuracy (HOTA): This metric evaluates multi-

object tracking performance by integrating detection, association, and localiza-

tion accuracies. It calculates the geometric mean of Detection Accuracy (DetA)

and Association Accuracy (AssA) across various localization thresholds:

HOTA =

√
1

|Th|
∑
α∈Th

DetA(α)× AssA(α) (2.5)

where Th represents the set of localization thresholds.

• Detection Accuracy (DetA) measures the accuracy of detecting ob-

jects:

DetA(α) =
TP (α)

TP (α) + FP (α) + FN(α)
(2.6)
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Here, TP (α), FP (α), and FN(α) represent the counts of true positives,

false positives, and false negatives at threshold α.

• Association Accuracy (AssA) assesses the accuracy of maintaining cor-

rect identities across frames:

AssA(α) =

∑
i∈TP (α)Ai

|TP (α)|
(2.7)

Ai is the association score for each true positive, defined as:

Ai =
TPA(i)

TPA(i) + FNA(i) + FPA(i)
(2.8)

where TPA(i), FNA(i), and FPA(i) are the True Positive Associations,

False Negative Associations, and False Positive Associations, respectively.

Integration Over Localization Thresholds

The final HOTA score is calculated by integrating these accuracies across various

localization thresholds to comprehensively evaluate a tracker’s performance,

reflecting robustness across different scenarios and applications.

2. Multiple Object Tracking Accuracy (MOTA): Aggregates errors from

false positives, false negatives, and identity switches to provide an overall accu-

racy measure:

MOTA = 1−
∑

t(FPt + FNt + IDSt)∑
tGTt

(2.9)

where FPt, FNt, and IDSt are counts of false positives, false negatives, and

identity switches at time t, respectively.

3. ID F1 Score (IDF1): Reflects the accuracy of identity assignments, computed
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as the harmonic mean of identity precision and recall:

IDF1 =
2× IDTP

2× IDTP + IDFP + IDFN
(2.10)

with IDTP , IDFP , and IDFN representing the true positive, false positive,

and false negative identity matches.

4. Identity Switches (IDs): Counts the number of times an object is incorrectly

reassigned a different identity. Lower values indicate better performance in

maintaining identity consistency.

Together, these metrics provide a comprehensive framework for evaluating MOT

systems, enabling researchers and developers to benchmark the performance of al-

gorithms under various conditions and use cases. By quantifying different aspects

of the tracking process, they help highlight the strengths and weaknesses of specific

approaches, guiding future improvements in tracking technology.

2.3 Framework for Testing Multi-object Tracking

Algorithms

This section introduces a comprehensive framework developed for the evaluation and

testing of Multi-object tracking (MOT) algorithms. The framework is designed to

facilitate a structured approach to assessing the performance and robustness of MOT

algorithms across various scenarios. Central to the framework’s design is its integra-

tion with the Robot Operating System (ROS), which serves as the backbone for data

transfer and communication between components.
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2.3.1 Framework Overview

The framework operates across multiple levels, each designed to progressively in-

crease the complexity and realism of the testing environment. At its core, the frame-

work utilizes two main simulators: Gazebo and CARLA. Gazebo offers a simplified,

yet effective environment for initial proof of concept and testing of basic scenarios.

CARLA, an advanced autonomous driving simulator, is employed for more complex

and dynamic testing environments, particularly those relevant to autonomous driving

applications. Figure 2.8 shows an overview of the proposed framework.

2.3.2 Simulation-based Testing

Initial testing is conducted within the Gazebo simulator, providing an accessible plat-

form for basic algorithm validation. Following successful preliminary tests, the frame-

work transitions to the CARLA simulator. In this framework, a script is provided

to dynamically generate tailored environments for various autonomous driving tasks.

This includes the configuration of different numbers of vehicles, diverse weather con-

ditions, and the selection among various towns available in CARLA. Such versatility

allows for comprehensive and realistic scenario testing, essential for evaluating the

performance of multi-object tracking algorithms under varied operational conditions.

Furthermore, our framework is designed to produce ground truth data in the

MOT17 format. This feature is critical for the systematic evaluation of MOT al-

gorithms, as it aligns with established benchmarks in the field. The MOT17 style

ground truth data facilitates a direct comparison of algorithmic performance against

well-known datasets, ensuring that our evaluation metrics are both relevant and stan-

dardized. This capability significantly enhances our ability to assess the effectiveness

of MOT algorithms, providing a robust foundation for identifying areas of improve-
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ment and validating algorithmic advancements in real-world conditions. Addition-

ally, Figure 2.7 visualizes the process of automatic ground truth generation within

a CARLA environment. This illustration underscores the framework’s capability

to meticulously simulate complex scenarios and generate precise ground truth data,

which is indispensable for the comprehensive evaluation of multi-object tracking al-

gorithms. By leveraging such detailed simulations, it should be ensured that the

algorithms are tested against diverse and challenging conditions.

Figure 2.7: Visualization of automatic ground truth generation within a CARLA
environment.

2.3.3 Input Data and Algorithm Evaluation

Input to the MOT algorithms can be sourced from two primary channels: detections

from YOLOv8 or perturbed ground truth data, with configurable noise parameters.

This dual-input approach offers flexibility in testing algorithm robustness against

varying levels of data fidelity and noise. The automatic generation of ground truth

in CARLA plays a pivotal role in benchmarking algorithm performance, facilitating

objective comparison and evaluation.



34

2.3.4 Real-world Deployment

After rigorous testing in simulated environments, algorithms demonstrating high lev-

els of performance and reliability are candidates for deployment on a real-world,

ROS-powered robotic platform. This final stage of testing underscores the frame-

work’s commitment to developing MOT algorithms that are not only theoretically

sound but also practically viable in real-world applications.

2.3.5 Conclusions

The proposed framework represents a structured and comprehensive approach to the

testing and evaluation of multi-object tracking algorithms. By leveraging the capa-

bilities of ROS, Gazebo, and CARLA simulators, along with sophisticated detection

inputs, the framework ensures a thorough assessment of algorithms across a spectrum

of environments, from simulated to real-world applications.
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ROS CoreObject Detector Tracker

Gazebo Connector

Gazebo
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CARLA Ground Truth Generator

CARLACARLA Environment Generator
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Robot
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Figure 2.8: Schematic representation of the data flow and connectivity in the ROS-
based framework for multi-object tracking algorithm testing. This framework inte-
grates data from Gazebo, CARLA, and a real-world robot through respective con-
nectors, emphasizing the central role of ROS in managing and processing sensor
information.
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Chapter 3

Self-supervised Multi-object

Tracking Algorithm with Adaptive

Track-Matching

This chapter proposes a self-supervised algorithm for efficient multi-object tracking

using unlabeled image sequences. Thus, the proposed approach omits the need for

labor-intensive labeling of video inputs, and its novelty lies in the ability to tune

the track-matching threshold parameter through a reliable self-supervisory signal.

This enables the method to be generalizable and insensitive to the parameters of a

particular dataset. Moreover, multiple post-processing modules are introduced that

enhance the robustness and reduce the number of identity switches. The approach is

evaluated on the MOT20 dataset. The results show that the proposed method has

comparable performance in comparison to other supervised and unsupervised learning

methods without the need for fine-tuning the hyperparameters for new applications.
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3.1 Introduction

Multi-Object Tracking (MOT) is a prominent application in the field of computer

vision. The general task of MOT consists of detecting objects presented in each

frame of a given video sequence and maintaining the association between the detected

objects and their corresponding tracks through time [42]. MOT has a wide range of

applications in various fields. In self-driving cars [43], for example, MOT is used to

perform environment mapping and path planning. It can also assist with obstacle

avoidance, and help to identify different stationary and dynamic objects such as

pedestrians and vehicles. Moreover, MOT is heavily applied in video surveillance

applications [44], where the task is to detect and track individuals or moving vehicles

with either a stationary or a moving camera. Another application of MOT is video

analysis [45], where MOT can be used to perform analysis on, for instance, soccer

match videos to evaluate the players’ performance.

The primary objective of MOT is to produce trajectories for a varying number of

objects in a given image sequence. The developed algorithm should account for any

object that may disappear or any new object that may appear at a certain frame. The

main challenges of the MOT task can be summarized into (1) identifying the objects

in each frame, (2) pairing the detected objects across the frames, and (3) initializing

and terminating tracks as objects enter or leave the scene [46].

Existing methods of MOT can be categorized into two groups. Detection-free

tracking (DFT) and Detection-based tracking (DBT). in DFT, the position of the

objects is assigned manually in the first frame, and the specified objects are tracked

throughout the remaining frames. While this approach eliminates the requirement

of using an object detector, It may not be feasible to extend it in scenarios where

new objects enter the scene. The second category of MOT is DBT, in which the
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detections of the objects at each frame are given to the tracker as an input [42]. Due

to the advances in object detection algorithms, DBT methods have recently gained

more popularity.

Recent work has investigated unsupervised learning approaches for MOT. These

approaches are anticipated to overcome the shortcomings of other supervised methods.

Despite the high performance of supervised methods, they require a huge amount of

tracking annotations, as most of the available MOT datasets are unlabeled.

The main contributions of our work are summarized as follows:

• A novel self-supervised multi-object tracking algorithm is proposed that utilizes

both visual and spatial information extracted from image sequences.

• A generic mechanism is proposed that can adapt to new unseen datasets. The

feature encoding module is trained independently, and the track association

threshold is adaptively adjusted.

• The proposed approach is evaluated through a range of experiments on the

MOT20 dataset against other supervised and unsupervised baselines. A detailed

ablation study is provided to further clarify the impact of each module.

3.2 Methodology

The multi-object tracking (MOT) problem is aimed at identifying objects in a video

and tracking them over time. Given a video of N frames, the ith frame is denoted by

Fi, containing Mi bounding boxes of objects in each frame. The input is represented

by matrix Dij, where i ∈ [1, N ] and j ∈ [1,Mi], with each element of the matrix

representing a detected bounding box. The goal of the MOT problem is to find

the connection between these detected objects across frames and to output a set of
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tracking sequences T, where each track represents a ground truth object among L

objects denoted by O1 to OL.

The proposed model is based on the tracking-by-detection framework where a

deep learning-based object detection algorithm is utilized to generate the hypothesis

bounding boxes. Each bounding box contains four values that represent the coordi-

nates of the top, left, bottom, and right positions of the detected object such that,

Dij =
[
DTLx
ij , DTLy

ij , DBRx
ij , DBRy

ij

]
. In the problem formulation, the hypotheses are

regarded as nodes, and the connection between every two hypotheses is considered as

an edge. Hence, the MOT problem can be defined as a Constraint Satisfaction Prob-

lem (CSP) [47] which is defined on a graph. The basic constraints for this problem

enforce three conditions: no backward edge is selected, each node is connected to at

most one other node, and no node has multiple incoming nodes. These constraints

are formulated as follows:

• ∀ i, i′, j, j′((Dij, Di′j′) ∈ Edges =⇒ i′ > i)

• ∀i, i′, i′′, j, j′, j′′ ( (Dij, Di′j′) ∧ (Dij, Di′′j′′)) =⇒

(i′ = i′′, j′ = j′′)

• ∀i, i′, i′′, j, j′, j′′((Dij, Di′′j′′) ∧ (Di′j′ , Di′′j′′)) =⇒

( i = i′, j = j′)

In this work, two similarity features between images are used to define the weight

parameters of the edges on the graph. The first feature is the Visual Dissimilarity

Feature (VDF) which is based on the visual representation of the detected images.

The second feature is the Spatial Dissimilarity Feature (SDF) which is based on the

relative positions of the bounding boxes with respect to their corresponding frames.
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3.2.1 Visual and Spatial Dissimilarity Feature

VDF compares the visual similarity between two detected objects in different frames.

The objective is to generate a representation vector for each object bounding box.

The representation vector is similar for all the bounding boxes of the same objects,

hence it can be used to differentiate dissimilar objects. To compare the visual features

of any two images, the visual dissimilarity vector is first found, and the Euclidean

distance is then calculated between the two vectors to represent the distance, as shown

in Equation 3.1.

V DF (D1, D2) =

√
[
−→
f (D1)−

−→
f (D2)]2 (3.1)

where,
−−→
f(.) is the image encoding vector.

SDF is defined as the distance between the center of the bounding box of two

images. Choosing this metric as a dissimilarity factor is justified by the fact that

object movement and camera movement are minimal between every two frames from

videos taken by most camera devices.

3.2.2 Visual-spatial Fusion

In the field of object tracking, it is crucial to consider both visual and spatial in-

formation from bounding boxes in order to accurately generate tracks. While using

spatial information alone can provide valuable information about the movement of

objects, it may not be sufficient to distinguish between objects that move in close

proximity to each other, resulting in lost tracks. Using visual information only, on

the other hand, would result in incremental tracking errors, especially in cases with

object occlusion. Hence the visual information would be inadequate. However, based

on the fact that object movement is limited between consecutive frames, the spatial
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information would provide additional helpful information and would compensate for

such limitation. To demonstrate the importance of fusing both VDF and SDF, Fig-

ure 3.2 illustrates a failing example of a tracker that uses SDF alone. In the specific

case of a crowded scene with multiple objects, the spatial information may not be

sufficient to differentiate between the objects and maintain accurate tracks. Figure

3.3, on the other hand, shows that VDF alone would not be sufficient for tracking

objects in occluded scenes. As a result, utilizing both VDF and SDF information is a

good practice for robust object tracking. The pseudocode for generating dissimilarity

between two images is shown in Algorithm 1.

Algorithm 1 Dissimilarity Function

Input: Feature vectors a, b
Output: Dissimilarity measure dissim
1: dissim← get vdf(a.vis, b.vis)
2: spatial dissim← get sdf(a.pos, b.pos)
3: if spatial dissim > Maximum Distance then
4: dissim← INFINITY
5: end if
6: return dissim

3.2.3 Identification Algorithm

The presented study proposes a novel self-supervised method for solving the multiple

object tracking problem. The algorithm receives the current frame, represented by

Flast, and the output of a detection algorithm, which is indicated by a set of bounding

boxes denoted by bbi, where i is the ith bounding box. The algorithm maintains

several global variables that are updated dynamically throughout its execution. OT

represents a list of open tracks and PT represents a list of potential tracks identified

so far.

The algorithm employs the defined dissimilarity function to evaluate the similarity

between each pair of bounding boxes bbi extracted from the current frame Flast.
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Figure 3.1: The proposed algorithm design flow diagram. Rounded boxes denote the
primary system functions.
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The resulting dissimilarity scores are stored in a limited capacity pool and are used

to determine the association between bounding boxes and existing open tracks OT

or to initiate new potential tracks PT . The algorithm begins by calculating the

dissimilarity between all pairs of bbis in the current frame and storing the scores in

pool. The distribution of the scores in pool is following a normal distribution and

a threshold of (µ − 2 ∗ std) is established for comparison purposes, which has been

empirically determined.

For each bbi, the algorithm calculates the dissimilarity between the current bound-

ing box and the last K frames of each track in OT . The resulting K ∗ len(OT )

dissimilarities are aggregated into a median for each open track, and the minimum

aggregated dissimilarity score determines the association between the bounding box

and an open track. This process continues until all bounding boxes have been assigned

to an open track or have initiated a new potential track.

To meet the criteria for association with an open track, two conditions must

be met. The first constraint requires that the aggregated dissimilarity score must be

below a visual adaptive threshold, which is dynamically updated for each frame based

on the distribution of dissimilarity scores in the limited capacity pool. The second

constraint requires that the new bounding box must be within a certain distance from

the last 5 frames of the open track, as determined by a positional threshold.

If the spatial constraint is not satisfied, the bounding box is not associated with

any existing open track and is reserved for the next phase of the algorithm. If the

visual constraint is not met, the algorithm moves on to the next minimum dissimilarity

score and repeats the process for the next candidate potential track.

The next phase of the algorithm proceeds with any remaining bounding boxes

and follows a similar process. If a bounding box is still not associated with any open

track or potential track after this second phase, it initiates a new potential track.
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In the context of the proposed algorithm, a potential track is a temporarily desig-

nated tracking sequence that has not yet satisfied the requirements to be classified as

an open track. Once the potential track’s length surpasses 10 frames, the algorithm

reassesses its status and, if deemed appropriate, removes it from the list of potential

tracks PT and adds it to the list of confirmed open tracks OT . If no new track is

added to the potential track for 40 frames, the potential track with all the included

frames drops.

In an effort to enhance the accuracy of the tracking results, the proposed algo-

rithm incorporates a merging phase to mitigate the issue of identity switching and

avoid losing meaningful bounding boxes. This merging process occurs in two parts

of the algorithm. The first instance is when a potential track is being considered for

promotion to an open track. At this stage, the merging function is employed. The

second instance is when the recency of the potential track is too high, and a decision

must be made as to whether the track should be dropped or not. In this phase,

the merging process decides whether the potential track should be merged with an

existing open track or be assigned a new independent ID or drop.

The algorithm employs two criteria to determine if a potential track should be

merged with an open track. The first criterion, referred to as ”puzzling”, checks

the frame IDs of the bounding boxes in the potential track to ensure that they are

complementary to the frame IDs of the open track. If there is a single overlap between

the two, the merging cannot occur and the potential track is assigned a new open

track ID. If the puzzling constraint is met, the visual constraint is then evaluated.

This constraint is calculated by determining the dissimilarity between the objects in

the potential track and the last 15 frames of the open track. The median of these

dissimilarities is then compared to a relaxed empirically determined visual threshold

of (µ− 0.5 ∗ σ), which is derived from the adaptive visual threshold.
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Figure 3.2: The two objects inside the blue and red bounding boxes are walking close
to each other. If tracking is only based on the spatial information, tracking these two
objects would be unreliable [2].

Figure 3.3: The object in the red bounding box gets occluded by the lamp in this
example. In this case, relying only on visual information would not be enough to
track the object [2].

3.3 Results and Discussion

3.3.1 Dataset

The proposed method is evaluated on MOT20 [48] dataset. The dataset contains 8

sequences, half of which construct the training set, and the remaining four sequences

form the test set. The main focus of the MOT challenge is pedestrian tracking which

has been introduced in MOT15 [49] by the same team. MOT20 is the most recent

version of this dataset, consisting of highly populated and crowded scenes.

The MOT20 dataset includes tracking ground truth labels for the sequences in

the training set. However, our approach does not involve a training phase, so these

tracking labels are not utilized. In order to generate the VDF, the MobileNetV2

network [50] is used. This network encodes every image of size 224 × 224 × 3 and



46

returns a 1280 feature vector. The network has a convolutional layer which is followed

by 19 residual bottleneck layers.

3.3.2 Evaluation Criteria

In the work, the method is being evaluated by following the current well-known object

tracking metrics. In computer vision, the Multi-Object Tracking Precision (MOTP)

metric is used to evaluate the accuracy of the estimated positions of objects. It is com-

puted by assessing the cumulative error in the estimated position for matched ground

truth-hypothesis pairs across all frames and then averaging it by the total number of

matches formed. However, it should be noted that MOTP does not take into account

the recognition of object configurations or the evaluation of object trajectories.

On the other hand, the Multi-Object Tracking Accuracy (MOTA) metric measures

the number of errors made by the tracking system, such as misses, false positives, and

mismatch errors. This metric is calculated by determining the ratio of these errors

to the total number of frames, including the ratios of misses, false positives, and

mismatches.

To evaluate the performance of an object tracking model, it is important to con-

sider three key criteria. These criteria are essential in determining the effectiveness

of the model, and in identifying areas for improvement. To develop a more robust

method, it is crucial to delve into these criteria in detail, thoroughly analyzing each

one to understand how they impact the overall performance of the model.

• A ”miss” in object tracking refers to a situation where an object is present in the

ground truth data but no corresponding hypothesis is output by the tracking

system. To calculate the number of misses, all objects for which no hypothesis

was output must be counted.
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• A ”false positive” in object tracking refers to a situation where a hypothesis

is an output by the tracking system but there is no corresponding object in

the ground truth data. To calculate the number of false positives, all tracker

hypotheses for which no real object exists must be counted.

• A ”mismatch error” occurs when the track ID for an object changes through the

sequence. This can happen in situations such as when multiple objects exchange

positions in close proximity or when an object’s trajectory is reset with a new

track ID following its prior loss due to occlusion. To determine the number of

mismatch errors, it is imperative to enumerate all instances where the tracking

ID for an object has undergone alteration.

3.3.3 Decreasing The Mismatch Rate

Decreasing the mismatch error and the number of identity switches is the primary

challenge in the evaluation of the MOT task. Imposing a strict constraint on the track

matching results in an increased number of disconnected tracks. On the other hand,

relaxing the matching threshold value and the matching constraints would increase the

number of identity switches. The choice of an adaptive matching threshold automates

the process of finding an appropriate threshold for each specific situation. The sorted

matching module reduces the possibility of assigning new detections to one of the open

tracks by prioritizing object-to-track matches that have less uncertainty. Finally, by

applying the two phases of merging, lost tracks will be reidentified and the puzzle

effect will prevent the matching of tracks that have conflicting detections.
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3.3.4 The Self-supervised Paradigm

The proposed method possesses strong generalizability due to its adaptive matching

thresholds, which play a significant role in ensuring the approach remains effective

when faced with changes in datasets. Furthermore, the empirical variables utilized in

the algorithm were calibrated using the MOT17 dataset and were not influenced by

the MOT20 training dataset.

3.3.5 Results

This work’s primary objective is not to achieve state-of-the-art performance on the

MOT20 dataset, but instead, to provide a generalizable and adaptable solution to the

multi-object tracking problem. Nevertheless, the tracking performance was evaluated

on the MOT20 dataset and the results illustrate that the achieved MOTA accuracy

outperforms SORT [51]. Additionally, the method demonstrates competitive perfor-

mance when compared to other supervised approaches. The evaluation results are

shown in Table 3.1.

Table 3.2 shows an ablation study of the proposed method. Specifically, the impact

of each module is reported using the MOTA metric on the MOT20 training dataset.

The results suggest that an adaptive matching threshold has a significant effect on the

overall performance compared to the case of a fixed threshold. Moreover, the number

of wrong detection to track assignments increases remarkably when the puzzle module

is removed.

3.4 Conclusions

In this study, a generalizable and self-supervised approach for solving the multi-object

tracking problem is proposed. Our method introduces an adaptive track-matching
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Table 3.1: Performance on the MOT20 test set. Metrics: MOTA (Multi-Object
Tracking Accuracy), IDF1 (ID F1 Score), MT (Mostly Tracked Trajectories Ratio),
ML (Mostly Lost Trajectories Ratio), FP (False Positives), FN (False Negatives),
AssPr (Association Precision), Frag (Track Fragmentations).

Method MOTA IDF1 MT ML FP FN AssPr Frag

Unsupervised
SORT[51] 42.7 45.1 208 326 27.5K 265K 66.9 18K
Ours 43.1 31.6 238 367 6K 270K 69.7 6.8K

Supervised
GMPHD[52] 44.7 43.5 293 274 43K 126K 72 11.1K
CT[53] 45.1 35.6 409 235 69K 208K 75.4 6.3K

Table 3.2: The impact of each module of the approach evaluated on the MOT20
training set

Method Components Evaluation Metrics

Puzzle
Adaptive
Threshold

Sorted
Matching

Positional
Elimination

Merging MOTA IDF1 MT ML FP FN IDSw Frag

✓ ✓ ✓ ✓ ✓ 52.73 50.8 14 12 3228 12K 552 256
✓ ✓ ✓ ✓ 50.7 49.6 11 13 2996 12K 421 357

✓ ✓ ✓ ✓ 48.2 51.0 12 13 2369 12K 339 573
✓ ✓ ✓ 33.4 30.8 7 33 2800 16K 215 242

threshold derived from a reliable signal, which enables the algorithm to be adaptive

to different datasets. The main goal of this work is not to attain the highest level

of performance on the MOT20 dataset, but rather to create a solution that is ver-

satile and can be adapted to address the multi-object tracking challenge in general.

The outcomes demonstrate that the suggested method delivers comparable results

to other supervised and unsupervised learning approaches, and does not require hy-

perparameter fine-tuning for new applications. In the future, the replacement of the

VDF calculation process with a Siamese network, which can automatically detect im-

age similarity between different frames, is intended. Moreover, the process of merging

discarded potential tracks as a post-processing module is planned to be extended to

further enhance the performance of the algorithm.
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Chapter 4

Ego-motion Aware Target

Prediction Module for Multi

Object Tracking

Multi-object tracking (MOT) is a prominent task in computer vision with application

in autonomous driving, responsible for the simultaneous tracking of multiple object

trajectories. Detection-based multi-object tracking (DBT) algorithms detect objects

using an independent object detector and predict the imminent location of each target.

Conventional prediction methods in DBT utilize Kalman Filter (KF) to extrapolate

the target location in the upcoming frames by supposing a constant velocity motion

model. These methods are especially hindered in autonomous driving applications

due to dramatic camera motion or unavailable detections. Such limitations lead to

tracking failures manifested by numerous identity switches and disrupted trajectories.

In this chapter, a novel KF-based prediction module called the Ego-Motion Aware

Target Prediction (EMAP) module is introduced by focusing on the integration of

camera motion and depth information with object motion models. Our proposed
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method decouples the impact of camera rotational and translational velocity from

the object trajectories by reformulating Kalman Filter. This reformulation enables

us to reject the disturbances caused by camera motion and maximizes the reliability

of the object motion model. Our module is integrated with four state-of-the-art

base MOT algorithms, namely OC-SORT, Deep OC-SORT, ByteTrack, and BoT-

SORT. In particular, our evaluation on the KITTI MOT dataset demonstrates that

EMAP remarkably drops the number of identity switches (IDSW) of OC-SORT and

Deep OC-SORT by 73% and 21%, respectively. At the same time, it elevates other

performance metrics such as HOTA by more than 5%.

4.1 Introduction

Multi-object tracking stands out as a pivotal task in computer vision, finding diverse

applications, ranging from monitoring crowds via surveillance cameras to analyzing

the intricate movements of soccer players on the field to tracking vehicles on the road

and following marine life in the ocean [54]. Additionally, MOT serves as a critical

subsystem in autonomous vehicle systems, providing a medium-level representation

integral to path-planning processes [55].

Detection-Based Tracking is commonly employed in these applications due to its

efficacy in scenarios where new objects may emerge or existing objects may exit the

frame. Within a DBT framework, MOT can be represented as a graph optimization

problem. In this context, an object detector generates bounding boxes of detected

objects in every frame, which serve as graph nodes, and two nodes are connected

if and only if they belong to the track of the same object. The basic constraints

for this problem enforce three conditions: no backward edge is selected, each node is

connected to at most one other node, and no node has multiple incoming nodes. Thus,
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the MOT problem is reduced to determining the optimal association between nodes in

the graph. Approaches like Tracktor++ [56] perform such graph optimization under

the assumption of a high frame rate and available detections in every frame.

(a) (b)

Figure 4.1: In this scenario, the object detection is missed, leading to a failure in
predicting the location of the object during lane-changing for Vanilla ByteTrack (a).
ByteTrack + EMAP (b) significantly improves the prediction, successfully tracking
the object in the next two frames.

However, restricting association to every pair of consecutive frames may be overly

simplistic since it barely reflects real-world scenarios where ego-vehicle/camera mo-

tion and occlusion exist. In situations where detections are not consistently available
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in every frame, it becomes necessary to either abandon the assumption of association

between adjacent frames or substitute the unavailable detection with object state

predictions. The illustrative example depicted in Figure 4.2 showcases three objects

being tracked over four consecutive frames along with their corresponding graph rep-

resentation. Since the objects are not detected in every frame, the track prediction is

employed in lieu of the missing detection.

In Kalman-filter-based methods [57], a motion model is assumed for the objects

in the frame and is described by a state transition matrix, F, an observation matrix,

H, a process noise, Q, an observation noise, R, and an optional disturbance matrix,

G. The object location in the image frame is regularly predicted at each time step

using the predict stage of Kalman Filter:


x̂n+1|n = Fnx̂n|n + [Gnwn]

Pn+1|n = FnPn|nF
⊤
n +Qn

(4.1)

Afterwards, newly detected objects are matched with the predicted positions of ex-

isting objects, resulting in new observations denoted as z. In the next stage of the

Kalman Filter known as the update stage, the Kalman gain, state estimate, and

estimate covariance are all recalibrated:
Kn = Pn|n−1H

⊤(HPn|n−1H
⊤ +Rn)

−1

x̂n|n = x̂n|n−1 +Kn(zn −Hx̂n|n−1)

Pn|n = (I−KnH)Pn|n−1

(4.2)

Many Kalman-filter-based approaches are constructed upon the foundation of SORT

[18], which defines the state as follows:

x = [u, v, s, r, u̇, v̇, ṡ]⊤ (4.3)
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In this definition of the state, u and v denote the horizontal and vertical pixel posi-

tions of the target object’s center, while s and r denote the area and height of the

target object’s bounding box, respectively. Notably, this definition operates under

the assumption of a constant velocity model for the tracked objects. While the con-

stant velocity model assumption may not hold for all objects, it serves as a reasonable

estimation in scenarios where the camera is stationary, as exemplified by the MOT20

dataset [58]. In cases where the camera is affixed to a mobile vehicle, the addition of

the motion of the ego vehicle leads to an increased failure rate in the constant velocity

assumption. Specifically, as the motion of the camera becomes more dynamic, the

accuracy of predicted u̇ and v̇ diminishes, even when the tracked object maintains

a constant velocity. In Figure 4.1 (a), despite the tracked vehicle moving with a

constant velocity, the performance of Kalman Filter is compromised due to the non-

uniform motion of the camera. This discrepancy becomes particularly pronounced

during lane changes, where the constant-velocity Kalman Filter struggles to make

accurate predictions without the availability of new observations to account for the

changing dynamics.

In this work, the integration of an Ego-Motion Aware Target Prediction (EMAP)

module into Kalman-filter-based systems is proposed. This module serves to incor-

porate the motion of the ego-vehicle into the Kalman Filter, thereby enhancing the

performance of MOT systems. Our contributions can be summarized as follows:

• An ego-motion aware target prediction module is designed, aimed at enhancing

the performance of detection-based Multi-Object Tracking (MOT) algorithms.

• The Kalman Filter state is redefined to decouple camera motion from object

trajectories, thereby rejecting disturbances caused by camera motion and max-

imizing the reliability of the object motion model.
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(a) (b)

(c) (d)

Figure 4.2: Illustrative example of multi-object tracking over four consecutive frames,
highlighting the tracking of three objects and their graph representation. Green nodes
represent available detections, whereas white nodes indicate unavailable detection and
track prediction is employed instead.

• Our comprehensive experimental assessments on the KITTI dataset [38] as well

as our tailored CARLA [3] autonomous driving dataset reveal a substantial

improvement in tracking performance when EMAP is integrated into the state-

of-the-art MOT algorithms.
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4.2 Methodology

4.2.1 Camera Motion Projection

Assuming a rectified image in hand, using the pinhole camera model, ego-vehicle

translational movement affects the target object location on the image frame by the

equations

ûtrans = f
d sin

(
tan−1

(
u
f

))
d cos

(
tan−1

(
u
f

))
−∆tḊ

(4.4)

v̂trans = f
d sin

(
tan−1

(
v
f

))
d cos

(
tan−1

(
v
f

))
−∆tḊ

(4.5)

where f is the camera focal length, d is the Euclidean distance between the target

object and the vehicle, Ḋ is the ego-vehicle translational velocity toward the image

plane normal vector, u and v represent the horizontal and vertical pixel coordinates

of the target object from the center of the image, while û and v̂ denote the predicted

horizontal and vertical pixel coordinates, respectively. The impact of ego-vehicle

rotation on the pixel location of an object is purely horizontal and governed by

ûrot = f
tan(∆tψ̇) + u

f

1− u
f
tan(∆tψ̇)

(4.6)

where ψ̇ is the ego-vehicle yaw angular velocity. Assuming a small time period be-

tween each two consecutive frames leads to linearized formulations of the form

ûtrans ≈
u
√
u2 + f 2

fd
· Ḋ∆t+ u (4.7)

v̂trans ≈
v
√
v2 + f 2

fd
· Ḋ∆t+ v (4.8)
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ûrot ≈ f

(
1 +

u2

f 2

)
· ψ̇∆t+ u (4.9)
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Figure 4.3: Visualization of TOWN #10 in CARLA simulator, featuring four dis-
tinct simulation scenarios superimposed on the map. The paths illustrate the diverse
trajectories taken in our dataset, capturing a range of scenarios for comprehensive
analysis.
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4.2.2 Camera Motion Integration with Kalman Filter

Considering the availability of scene depth and camera motion information, the

Kalman Filter state definition can now be reformulated to integrate this informa-

tion into a base model.

Following the similar format used by SORT in equation 4.3, the object’s motion

is estimated by a constant velocity model; however, the effect of camera motion is

decoupled in this motion model.

Each target object is then modeled using the following state definition:

x = [ul, vt, ur, vb, ẋl, ẏt, ẋr, ẏb]⊤ (4.10)

where (ul, vt) indicates the top-left corner of a bounding box, and (ur, vb) represents

the bottom-right corner of that. Unlike SORT, which uses derivatives of (u, v) as

noted in 4.3, ẋl, ẏt, ẋr, and ẏb are used. These variables denote the projected horizontal

and vertical pixel velocities of the corners of the target object bounding box caused

solely by the object’s motion in the world frame. Assuming that the movement of the

ego-vehicle can be approximated by two independent parameters, i.e., orientation and

forward displacement, the state equation of Kalman Filter is now defined as follows:

xn+1 =

I4×4 dtI4×4

04×4 I4×4

xn +

[
Gψ
n GD

n

]ψ̇
Ḋ

 dt (4.11)
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where

Gψ
n =
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(
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n =
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(uln)

2+f2

fdn

vbn

√
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04×1



(4.12)

When there exists an associated detection of an object, Kalman Filter estimation

phase is used to update the state variables. Then, the prediction is performed to

extrapolate the object’s position into the subsequent frame.

Figure 4.4 shows an overview of the EMAP module integrated into a DBT multi-

object tracking framework. In the depicted figure, the input image originating from

the camera is directed into the detection module. Simultaneously, the synchronized

odometry data and depth image are routed into the EMAP module. Following the

generation of predictions by EMAP for the subsequent location of each existing track,

the tracks are then associated with the newly detected objects. Finally, the iteration

ends when the tracks are updated with their new associated detection, if available.

4.2.3 Justification for isolating the camera motion

As mentioned earlier in the Introduction section, most Kalman Filter-based DBT

algorithms approximate the motion of an object by constant velocity models inde-

pendent of other objects and camera motion. However, this assumption can easily

be violated in scenarios where camera movements introduce unexpected disturbances
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Detection
Module

Association
Module

EMAP Module

Figure 4.4: Diagram illustrating the three phases of a detection-based multi-object
tracking algorithm. The figure highlights the integration of the EMAP module within
the system.

to the bounding box location within the image frame. The situation is intensified

in the presence of detection gaps, as the constant velocity model fails to accurately

predict the track of the trajectories. Consequently, inaccurate predictions give rise to

frequent identity switches, ultimately compromising the overall MOT performance.

To address this problem, in the EMAP module, camera motion is taken into account

separately from the object motion model.
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Algorithm 2 Integrating EMAP with a sample base tracker

Input: Existing tracks buffer T , New Detections D, Camera translational and rotational
motion (Ct, Cr), Depth image I

Output: Updated tracks buffer T updated

1: Initialize T pred ← ∅
2: for track t in T do
3: if RotationOnly then

4: T pred ← T pred ∪ Pred(t, Cr)

5: else if TranslationOnly then

6: T pred ← T pred ∪ Pred(t, Ct, I)

7: else

8: T pred ← T pred ∪ Pred(t, Ct, Cr, I)

9: end if
10: end for

11: (T matched, Dmatched) ← Associate(T pred,D)
12: T unmatched ← T \ T matched

13: Dunmatched ← D \ Dmatched

14: UpdateKFstates(T matched, Dmatched)

15: Identify T lost from the T unmatched

16: Create T new from the Dunmatched

17: T updated ← T matched ∪ T new ∪ {T unmatched \ T lost}

4.3 Experiments

4.3.1 Dataset

KITTI

The KITTI dataset serves as a cornerstone in benchmarking computer vision algo-

rithms for autonomous driving tasks. It consists of real-world data captured from a

car equipped with sensors such as LiDAR, camera, and GPS. For the experiments, the

KITTI training dataset is used, which consists of 21 sequences encompassing diverse

driving scenarios such as urban, highway, and rural environments. For the evalua-

tion, focus is placed on the ’Car’ and ’Pedestrian’ classes, for which detected bounding
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boxes are taken from PermaTrack [59] and also the YOLOv8 object detector [24].

CARLA Simulation Dataset

In addition to the KITTI dataset, experiments were conducted using a custom-

generated dataset within the CARLA autonomous driving simulator. The CARLA

simulator offers a realistic virtual environment for testing autonomous driving algo-

rithms, allowing for controlled and diverse scenarios. In the dataset, there are four

sequences, each representing distinct scenarios. In Scenario #1, a car navigates a

straight road. Scenario #2 involves the car initiating movement from a static posi-

tion, traveling along a straight path, encountering a curve, and concluding the video

upon completing the curve. Scenario #3 features the car starting from a station-

ary position, progressing along a straight trajectory, reaching a curve, and coming

to a stop afterward. In Scenario #4, the vehicle travels a path with abrupt move-

ments. Figure 4.3 illustrates the paths on the CARLA map. CARLA integrates

seamlessly with MOT algorithms through the Robot Operating System (ROS) [5],

enabling communication between Python and CARLA. Synchronized messages, in-

cluding RGB images, depth cloud (aligned with RGB), ego-vehicle odometry, and

automatically generated ground truth tracking bounding boxes from CARLA are

streamed to Python via ROS for integrated evaluation.

4.3.2 Evaluation Metrics

HOTA [60] has been selected as the primary metric for its ability to strike a more

equitable balance between the accuracy of both object detection and association in

multi-object tracking. Our emphasis extends to Association Accuracy (AssA) for

evaluating association performance, along with IDF1 as an additional metric in the

same context. Metrics such as MOTA predominantly gauge detection performance,
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and to ensure fairness, they are utilized only when all methods rely on identical

detections for tracking, a condition that is met in the evaluation.

4.3.3 Baseline SORT-based Algorithms

In order to evaluate the impact of EMAP on existing MOT algorithms, four state-

of-the-art SORT-based algorithms were selected, and EMAP was integrated with

their prediction module to evaluate the effect of EMAP on their performance. The

algorithms selected as baselines are OC-SORT, Deep OC-SORT, ByteTrack, and

BOT-SORT. All four baselines are Kalman Filter-based algorithms. However, in

BOT-SORT authors use image registration to approximate the camera motion and

compensate for the effect of this motion.

4.4 Results

In this section, the performance of the solution on both the CARLA and the KITTI

datasets is presented. Table 4.1 displays the HOTA scores and identity switch counts

for each sequence in the CARLA simulation dataset. Notably, EMAP significantly im-

pacts Sequence #4, characterized by substantial vehicle rotational and translational

movements. This sequence shows a decrease in identity switches and an increase in

HOTA values for all trackers, highlighting EMAP’s effectiveness in complex motion

scenarios.
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Figure 4.5: Distribution of Higher Order Tracking Accuracy (HOTA) scores across
four advanced multi-object tracking algorithms (OCSORT, Deep OCSORT, Byte-
Track, and BotSort) with and without the EMAP module over 21 sequences of the
KITTI-train dataset.

Table 4.2 presents the average metric values across the 21 sequences of the KITTI

train dataset when detections are taken from PermaTrack. EMAP notably reduces the

number of identity switches across all four baselines, with the most significant impact

observed in OC-SORT, where it decreases by 76%. Furthermore, EMAP integration

improves various metrics such as HOTA, MOTA, IDF1, FP, FN, AssA, and AssR in

all four baseline trackers. Figure 4.6 illustrates that integration of the EMAP module

notably decreases identity switches and enhances HOTA scores compared to baseline

performance. Additionally, it demonstrates that EMAP contributes to the improved

robustness of baseline trackers, as evidenced by the reduced variance in IDSW and
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Figure 4.6: HOTA vs IDSW comparisons of OC-SORT, Deep OC-SORT, ByteTrack,
and BoT-SORT on 21 KITTI train sequences with or without EMAP module. The
height and width of the ellipses are the standard deviation of the distribution.

HOTA across all sequences.

In Table 4.3, the evaluation on the KITTI train dataset using YOLOv8x as the

object detector is presented. Despite the fact that YOLOv8x exhibits weaker per-

formance compared to PermaTrack indicated by higher missed detections and lower

detection accuracy, the addition of EMAP still positively affects the performance of

all baseline trackers.

Figure 4.5 comparing HOTA scores for OCSORT, Deep OCSORT, ByteTrack, and

BotSort demonstrates that adding the EMAP module significantly improves track-

ing performance. Specifically, it shows an increase in mean HOTA scores and a

decrease in their variance for all four algorithms with EMAP, indicating enhanced
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accuracy and consistency in tracking outcomes. This highlights EMAP’s role in bol-

stering multi-object tracking effectiveness. Figure 4.7 highlights a decrease in identity

switches (IDSW) for all four trackers—OCSORT, Deep OCSORT, ByteTrack, and

BotSort—upon integrating the EMAP module, with OCSORT experiencing the most

significant reduction. This demonstrates EMAP’s effectiveness in enhancing tracking

continuity and reducing identity errors, thus improving the reliability of the tracking

algorithms.

To assess the individual and combined impact of the translation and rotational

submodules, an ablation study is conducted comparing the results of EMAP with

each submodule added separately and together, as shown in Table 4.4. The largest

reduction in the number of identity switches occurs when both submodules are ac-

tive. However, the maximum HOTA is attained when only the rotational module is

activated.

Table 4.1: Performance comparison of MOT algorithms on our CARLA dataset split
by sequence with YOLOv8x as the object detector. The best results are shown in
bold.

Tracker
Sequence #1 Sequence #2 Sequence #3 Sequence #4

HOTA↑ IDs↓ HOTA↑ IDs↓ HOTA↑ IDs↓ HOTA↑ IDs↓

OC-SORT [20] 36.15 5 24.84 11 36.3 15 24.09 19
OC-SORT + EMAP [20] 36.24 1 25.06 3 37.04 15 29.09 7
BoT-SORT [41] 35.08 7 21.88 35 32.64 30 23.44 24
BoT-SORT + EMAP [41] 34.94 7 22.14 35 31.65 30 24.54 18
Deep OC-SORT [40] 35.71 4 23.65 55 36.33 36 25.17 67
Deep OC-SORT + EMAP [40] 35.55 9 20.75 129 35.55 61 26.66 38
ByteTrack [19] 34.94 0 21.14 1 34.26 5 25.71 8
ByteTrack + EMAP 25.05 0 21.7 0 34.91 4 28.39 2

4.4.1 Visualization Results

To showcase the impact of the EMAP module, a visualization is presented of the

Bytetrack MOT algorithm operating within the CARLA simulator under a scenario

where detection is lost. As depicted in Figure 4.1 (a), the prediction module of the
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Table 4.2: Average performance (on 21 sequences) on KITTI-train dataset, detections
are taken from PermaTrack. The best results are shown in bold.

Tracker HOTA↑ MOTA↑ IDF1↑ FP↓ FN↓ IDs↓ AssA↑ AssR↑

OC-SORT [20] 67.74 64.53 78.24 709.33 234.19 53.24 68.38 79.34
OC-SORT + EMAP 70.21 67.87 82.17 662.19 187.05 14.10 73.11 85.32

Deep OC-SORT [40] 64.69 62.59 74.20 893.67 418.52 108.38 62.84 74.41
Deep OC-SORT + EMAP 66.54 64.38 76.37 863.14 388.00 85.24 66.22 77.80

ByteTrack [19] 70.05 74.98 84.60 339.10 305.00 21.95 72.62 80.28
ByteTrack + EMAP 71.75 75.82 85.78 324.33 295.33 14.71 74.71 81.73

BoT-SORT [41] 55.40 47.74 65.89 602.95 687.29 72.33 56.36 62.33
BoT-SORT + EMAP 57.23 50.11 68.49 578.29 670.76 57.95 59.58 66.05

Table 4.3: Average performance (on 21 sequences) on KITTI-train dataset, detections
are taken from YOLOv8. The best results are shown in bold.

Tracker HOTA↑ MOTA↑ IDF1↑ FP↓ FN↓ IDs↓ AssA↑ AssR↑

OC-SORT [20] 39.35 37.0 53.04 163.14 1187.9 18.86 46.16 48.82
OC-SORT + EMAP 40.28 38.0 54.4 168.05 1179.95 12.29 47.68 50.25

Deep OC-SORT [40] 38.22 35.77 50.08 270.67 1236.38 69.38 42.21 45.36
Deep OC-SORT + EMAP 39.6 37.2 52.88 225.48 1191.19 41.33 45.15 48.41

ByteTrack [19] 33.48 31.29 44.66 102.76 1368.76 14.24 42.11 44.2
ByteTrack + EMAP 33.78 31.32 45.81 83.95 1356.81 11.9 42.69 44.12

BoT-SORT [41] 25.16 23.5 34.57 138.0 1584.1 46.05 29.17 29.81
BoT-SORT + EMAP 28.06 25.49 39.21 123.7 1425.65 35.2 33.82 34.55

Table 4.4: Ablation on KITTI dataset with Translational and Rotational sub-
modules. The best results are shown in bold.

Method Tracker HOTA↑ MOTA↑ IDF1↑ IDs↓

Baseline

OC-SORT 67.74 64.53 78.24 53.24
Deep OC-SORT 64.69 62.59 74.2 108.38
ByteTrack 70.05 74.98 84.6 21.95
BoT-SORT 55.4 47.74 65.89 72.33

Translational-
Only
EMAP

OC-SORT 71.45 74.59 83.35 24.38
Deep OC-SORT 65.33 63.08 74.91 99.43
ByteTrack 70.25 74.77 84.4 23.0
BoT-SORT 55.28 48.65 65.58 76.71

Rotational-
Only
EMAP

OC-SORT 72.63 75.1 85.05 15.43
Deep OC-SORT 65.57 63.72 75.62 97.14
ByteTrack 71.18 75.86 85.69 15.1
BoT-SORT 55.41 48.65 65.59 85.81

EMAP

OC-SORT 70.21 67.87 82.17 14.1
Deep OC-SORT 66.54 64.38 76.37 85.24
ByteTrack 71.75 75.82 85.78 14.71
BoT-SORT 57.23 50.11 68.49 57.95

vanilla ByteTrack struggles to accurately anticipate the position of the target after

the detection becomes unavailable (denoted by black bounding boxes). In contrast,
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Figure 4.1 (b) illustrates the enhanced performance achieved by incorporating our

module. The predicted bounding box location aligns more closely with the actual

location, underscoring the efficacy of the ego-motion aware prediction module.

Figure 4.7: Distribution of Identity Switches (IDSW) values across four advanced
multi-object tracking algorithms (OCSORT, Deep OCSORT, ByteTrack, and Bot-
Sort) with and without the EMAP module over 21 sequences of the KITTI-train
dataset.

4.5 Conclusions and Future Work

In this work, the performance of detection-based MOT algorithms is enhanced by

leveraging both the motion of the camera and depth information. Our contribution,

the Ego-Motion Aware Prediction (EMAP) module, serves as a predictive component

seamlessly integrated into DBT multi-object tracking algorithms. EMAP adeptly re-
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jects disturbances introduced by camera motion, thereby boosting the reliability of

the object motion model. Through the reformulation of the Kalman Filter, EMAP

effectively decouples the impact of the rotational and translational velocities of the

camera from the target object location on the image frame. In our experiments

on KITTI MOT dataset, EMAP significantly enhances the performance of the base

trackers, evident in HOTA and notable reductions in the number of identity switches.

Our in-depth investigation in CARLA simulator further reveals the efficacy of EMAP

where ego-camera motion dominantly impacts the target location. Our module de-

picts how the reliability of existing MOT algorithms can be improved in real-world

scenarios especially autonomous driving.

As a future direction, the retrieval of motion information using Visual Odometry

algorithms and the extraction of depth maps solely from RGB cameras are aimed

to be explored, with the ultimate goal of extending the versatility of the module to

systems relying exclusively on an RGB camera as their primary sensor.
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Chapter 5

Conclusions and Future Work

5.1 Summary

This thesis has presented an in-depth study of Ego-motion Aware Multi-object Track-

ing (MOT) within a ROS-based framework, aiming to address the complexities and

challenges inherent in accurate and efficient object tracking in dynamic environments,

particularly in the context of autonomous driving and robotics applications. The re-

search introduced the Ego-Motion Aware Target Prediction (EMAP) module, a novel

component designed to enhance the accuracy of tracking algorithms by integrating

ego-motion awareness into the prediction phase of MOT. This integration allows for a

more nuanced understanding of object dynamics relative to the observer’s movement,

significantly reducing identity switches and improving tracking robustness across var-

ious scenarios.

Three primary contributions have been underscored throughout this work:

1. Ego-Motion Aware Target Prediction Module: The development and

integration of the EMAP module into existing SORT-based trackers demon-

strated a marked improvement in MOT performance. By accounting for the
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ego-motion of the tracking platform, this module significantly reduced identity

switches and enhanced tracking accuracy, as validated on standard datasets like

KITTI and custom scenarios within the CARLA simulator.

2. Self-supervised MOT Algorithm with Adaptive Track-Matching: A

novel approach to MOT was explored through the development of a self-supervised

algorithm that adapts its track-matching threshold based on the self-supervisory

signal. This methodology broadens the applicability and flexibility of MOT al-

gorithms, enabling them to learn and adapt without extensive manually labeled

datasets.

3. Comprehensive MOT Framework: The establishment of a structured frame-

work for the development, testing, and evaluation of MOT algorithms has been

a crucial outcome of this research. By providing a seamless interface with both

simulated and real-world data, this framework facilitates rigorous algorithm

testing and refinement, propelling advancements in the MOT domain.

5.2 Limitations

This research, while pioneering in the realm of Multi-object Tracking (MOT) within

a ROS-based framework, acknowledges certain limitations that warrant further ex-

ploration:

• Simplistic Motion Model: EMAP primarily assumes a constant velocity

model for target objects, which may oversimplify the complexities of real-world

object dynamics. This model, while effective for a broad range of scenarios,

may not accurately capture the nuanced movements observed in highly dynamic

environments. Exploring more sophisticated motion models could potentially

enhance the predictive accuracy and robustness of the tracking system.
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• Reliance on Single Data Sources: The current implementation of the Ego-

motion Aware Tracking system depends on a singular source of input for each

type of data, such as depth information, camera motion, and object detection.

This design leaves the system vulnerable to inaccuracies or corruption in the

input data, potentially compromising the tracking performance. Incorporat-

ing redundancy or multiple independent data sources could mitigate this risk,

ensuring more reliable system operation under varying conditions.

• Self-Supervised Learning Model Adaptability: The self-supervised algo-

rithm proposed for adaptive track-matching currently utilizes a probabilistic

distribution to determine the matching threshold. While this approach has

shown promise, employing machine learning models such as a Siamese network

to adjust the threshold dynamically may offer improved adaptability and gener-

alizability across more complex tracking scenarios. This could further refine the

algorithm’s performance, especially in environments where object appearances

and movements exhibit significant variability.

These limitations highlight areas for future research and development, aiming to

further refine and enhance the capabilities of multi-object tracking systems. Address-

ing these concerns would not only improve the accuracy and reliability of tracking

in complex scenarios but also extend the applicability of these algorithms to a wider

array of real-world applications.

5.3 Future Work

The research conducted in this thesis lays the groundwork for several promising di-

rections for future exploration within the domain of Ego-motion Aware Multi-Object

Tracking (MOT). Addressing the identified limitations and building upon the current
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contributions, the following areas have been earmarked for subsequent development:

• Incorporation of Complex Motion Models: To overcome the limitations

posed by the constant velocity target model, future efforts will focus on in-

tegrating more sophisticated motion models into the EMAP module. These

advanced models will aim to more accurately reflect the intricate dynamics of

object movements, particularly in environments characterized by rapid and un-

predictable motion patterns. Exploring non-linear and adaptive motion models

could significantly enhance the predictive accuracy and robustness of the track-

ing system.

• Support for Multiple Data Sources: Recognizing the vulnerability of the

system to inaccuracies in input data, a key area of future work will involve

augmenting the system’s architecture to accommodate multiple independent

sources of data. This enhancement will provide redundancy, reduce the risk of

system failure due to corrupted data, and ensure more reliable tracking under di-

verse operational conditions. Implementing a fusion mechanism to intelligently

integrate data from various sources will be critical to realizing this objective.

• Integration with TrackFormer: An exciting avenue for extending the capa-

bilities of the EMAP module involves its application to end-to-end transformer-

based multi-object tracking algorithms, such as TrackFormer. By adapting

EMAP for use with TrackFormer, the aim is to leverage the transformer archi-

tecture’s inherent strengths in handling complex spatial-temporal relationships.

This integration promises to elevate the performance of transformer-based track-

ing algorithms by enhancing their awareness of ego-motion and improving their

ability to maintain consistent object identities across sequences.
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Chapter 6

Additional Information

6.1 Preface

Chapter 4 of this thesis corresponds to work that has been submitted to the IROS 2024

conference and subsequently published as a pre-print on ArXiv. The paper, entitled

”Ego-Motion Aware Target Prediction Module for Robust Multi-Object Tracking,”

appears under the citation [61]. As the lead researcher, I spearheaded the conceptu-

alization, algorithm design, programming, visualization, and manuscript preparation.

Mohammad Jani, a fellow graduate student at the ACIS lab at the University of

Victoria, contributed significantly to algorithm development, programming, visual-

ization, and manuscript writing. Amir M. Soufi provided invaluable assistance with

the visualizations and participated actively in the ideation process. Homayoun Na-

jjaran, my supervisor, provided oversight and critical feedback during the revision

stages of the manuscript.
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