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The significant advancements and breakthroughs achieved in Machine Learn-
ing (ML) have revolutionized the field of Computer Vision (CV), where nu-
merous real-world applications are now utilizing state-of-the-art advance-
ments in the field. Advanced video surveillance and analytics, entertain-
ment, and autonomous vehicles are a few examples that rely heavily on reli-
able and accurate perception systems.

Deep learning usage in Computer Vision has come a long way since it
sparked in 2012 with the introduction of Alexnet. Convolutional Neural Net-
works (CNN) have evolved to become more accurate and reliable. This is
attributed to the advancements in GPU parallel processing, and to the recent
availability of large scale and high quality annotated datasets that allow the
training of complex models. However, ML models can only be as good as the
data they train on and the data they receive in production. In real-world en-
vironments, a perception system often needs to be able to operate in different
environments and conditions (weather, lighting, obstructions, etc.). As such,
it is imperative for a perception system to utilize information from different

types of sensors to mitigate the limitations of individual sensors.
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In this dissertation, we focus on studying the efficacy of using thermal
sensors to enhance the robustness of perception systems. We focus on two
common vision tasks: object detection and multiple object tracking. Through
our work, we prove the viability of thermal sensors as a complement, and
in some scenarios a replacement, to RGB cameras. For their important ap-
plications in autonomous vehicles and surveillance, we focus our research
on pedestrian and vehicle perception. We also introduce the world’s first (to
the best of our knowledge) large scale dataset for pedestrian detection and
tracking including thermal and corresponding RGB images.

Keywords: machine learning, artificial intelligence, object detection,

multiple object tracking, perception
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Chapter 1

Introduction

The rapid advancement in machine learning has sparked intensive research
in the field of Computer Vision (CV). It has led to a significant leap in the
accuracy and reliability of machine vision models. We now rely on this ad-
vanced research in our daily lives, even if we don’t realize it. For instance,
the face unlock feature on our smartphones rely on advanced CV algorithms
to reliably detect and identify the user face. Surveillance cameras utilize
algorithms that detect humans and other objects of interest to notify the
homeowners of any suspicious events. Most newer generation vehicles are
equipped with Advanced Driver Assistance Systems (ADAS) with features
like forward collision prevention, lane keep assist, and blind spot checking

to make roads safer for drivers and pedestrians.

The sample use cases mentioned above are just a few examples of the uti-
lization of state-of-the-art CV research in our daily lives. Significant research
has been conducted, especially in the last decade with the advancement of
deep learning methods, on improving the efficiency, accuracy, and reliability
of CV algorithms. However, for CV systems deployed in real-world envi-
ronments, there is a strong requirement that these systems function reliably
in different weather, lightning, and other environmental conditions. This is
why CV systems often require data from different types of sensors to ensure

reliable performance.
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The mentioned use cases are just a few examples of how advanced CV
research impacts our daily lives. In the past decade, CV research has made
significant progress, thanks to improved deep learning methods. These ad-
vancements have made CV algorithms more efficient, accurate, and reliable.
However, in real-world situations, CV systems must perform well in differ-
ent weather conditions, lighting, and various environments. That’s why CV
systems often rely on data from various sensors to ensure they work prop-
erly. These sensors include thermal cameras, LiDAR, radar, and GPS, which

help CV systems adapt and perform effectively in different scenarios.

This approach is essential to make CV systems resilient in diverse condi-
tions, from bright sunlight to foggy weather, and in various settings, from
busy cities to remote areas. In essence, integrating sensor data and using
complementary technologies are crucial to maximize the potential of CV in
practical applications. This highlights the ongoing importance of CV re-

search in changing how we experience and understand the world.

In this thesis, we investigate the effectiveness of using thermal sensors
in two important tasks in CV: Object Detection and Multiple Object Track-
ing (MOT). We study the benefits of fusing RGB and thermal data to en-
hance robustness of perception systems, and provide detailed analysis over
the strengths and weaknesses of each sensor. Our experiments will be con-
ducted on a new dataset that we are contributing to the scientific community:
the world’s first dataset of thermal and corresponding RGB images annoated

for multiple object detection and tracking.

The organization of this chapter is as follows. We first discuss the limi-

tations of RGB camera perception in section 1.1. We then briefly introduce
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thermal sensors in section 1.2.

1.1 RGB Sensors

An RGB sensor (color camera) is one of the most popular and common per-
ception sensors. It is integrated into most smartphones, tablets, computers,

and has many applications in our daily lives.

RGB cameras have several advantages, including:

* Human-Centric Visual Perception: RGB cameras excel in capturing
images that closely align with human visual perception. The images
they produce are familiar and visually pleasing to the human eye. This
similarity to human vision facilitates easy interpretation of the context
and semantic information within a color image. This makes RGB im-
agery highly intuitive and accessible for humans, which is especially
valuable in applications where human interaction and understanding
are crucial, such as in augmented reality, human-computer interaction,

and content creation.

¢ Color Information: RGB cameras provide rich color information about
objects present in an image. By capturing the red, green, and blue chan-
nels, they offer a comprehensive representation of the visual world.
This color information is valuable in numerous applications, from com-
puter vision and image analysis to multimedia content creation, where
precise color rendering and discrimination are essential. It allows for
accurate identification of objects based on their color characteristics,

aiding in tasks like object recognition and tracking.

* High Resolution: Generally, RGB cameras are available in a wide range

of resolutions, including high-resolution options. This versatility makes
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them suitable for various applications, from capturing detailed scenes

to identifying fine-grained features.

* Cost Efficiency: RGB cameras tend to be cost-effective compared to
some specialized sensors like multispectral or hyperspectral cameras.
This cost-efficiency makes them accessible for a broader range of appli-
cations and industries, enabling the widespread adoption of computer

vision and image analysis technologies.

On the other hand, RGB sensors are known to have several limitations,

some of which are given below:

* Sensitivity to Light: One of the most significant limitations of RGB
sensors in real-world systems is their sensitivity to different lighting
conditions [47, 113, 49, 124, 114]. Their performance significantly dete-
riorates under poor lighting conditions. This sensitivity poses a critical
drawback in real-world applications, such as smartphone face unlock
features, where the device must reliably identify a person even in sub-

optimal lighting conditions.

* Sensitivity to Weather Conditions: RGB sensors are also susceptible to
adverse weather conditions, including fog, rain, and snow, which can
cause the camera lens to become blurry [89, 100, 83]. In such conditions,
the quality of RGB image capture can degrade, impacting the accuracy
and reliability of computer vision applications that rely on clear visual

data.

® Occlusion: RGB sensors capture color information about objects in a
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scene. However, they face challenges when objects are fully or par-
tially occluded [76, 65, 82]. Extracting information about obscured ob-
jects can be complicated, and this limitation becomes particularly ap-
parent when objects have similar color features. For instance, in sce-
narios where school students wear identical uniforms, distinguishing

between individuals based solely on color can be challenging.

Simply put: A sensor can’t perceive what it can’t see, and the perception

ability of an RGB sensor is significantly affected by environmental factors.

1.2 Thermal Sensors

RGB sensors function through capturing reflected light in the visual-optical
spectrum. This implies, that for visual spectrum sensitive cameras, the scene
must be illuminated by a source of light (either natural or artificial). This is

one of the main limitations of RGB sensors as discussed in section 1.1.

All objects around us emit heat radiations, which were first discovered by
Sir William Herchel in 1800 [106]. The human eye can perceive light in the
range between 380 and 700nm. As heat radiations have a much higher wave-
length ranging between 0.73 to 1,000 um [106], they can’t be captured by
the human eye. Infrared sensors are capable of capturing the heat radiation

emitted from objects. The IR spectrum is composed of several bands:

Near Infrared (NIR): Wavelength range between 800 and 2,500 nm

Short Wave Infrared (SWIR): Wavelength range between 0.9 and 1.7um

Mid Wave Infrared (MWIR): Wavelength range between 3 and 5um

Long Wave Infrared (LWIR): Wavelength range between 8 and 14um

Far Infrared (FIR): Wavelength range between 15ym and Imm
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MWIR and LWIR IR sensors are commonly referred to as thermal IR sen-
sors, or thermal cameras. A thermal sensor is a useful sensor in automous
systems as it does not require any light source for its operation. For critical
systems like autonomous vehicles for example, where RGB sensors would
poorly perceive vulnerable objects at night (pedestrians, cyclists, etc.), a ther-
mal sensor would be able to provide better perception of the scene as it op-

erates normally when there is no light sources.

Some of the advantages of using thermal sensors are given below:

* Robust Performance in Challenging Lighting Conditions: Thermal
sensors operate effectively under poor lighting conditions and glare.
As shown in Figures 1.1 and 1.2, thermal sensors exhibit remarkable
robustness compared to RGB sensors in handling different lighting con-
ditions and glare !. This capability makes them invaluable for applica-
tions where consistent performance in varying light environments is

essential.

* Resilience to Environmental Factors: Thermal sensors are less affected
by environmental factors like dust, fog, and snow in comparison to
RGB cameras. Their ability to maintain functionality in adverse weather
conditions makes them a preferred choice for applications that demand

reliability regardless of the weather.

* Homogeneous Object Appearance: Unlike RGB cameras, which are
sensitive to object texture, color, and patterns, thermal cameras pro-
vide a homogeneous appearance for objects with consistent thermal
values. This attribute is particularly advantageous in tasks such as

pedestrian detection. In the visible spectrum, training convolutional

Image samples from the Teledyne FLIR ADAS Thermal Dataset
https:/ /www.flir.ca/oem/adas/adas-dataset-form/
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neural networks (CNNSs) to reliably detect pedestrians requires a di-
verse dataset encompassing variations in size, clothing, and skin color.
In contrast, thermal images exhibit less variance in the appearance of
humans, making detection based on the human thermal signature more

consistent and reliable [15].

¢ Flexible Data Representation: Thermal data is typically captured as
a 16-bit single-channel (grayscale) image, where each pixel represents
a thermal intensity. This simplicity allows for the application of vari-
ous color palettes to better visualize the thermal scene. This flexibility
is advantageous as it enables the training of CNNs on thermal images
without necessitating changes to the architecture. It simplifies the inte-

gration of thermal data into existing computer vision workflows.

Visibility during heavy fog is greatly hindered in the visible spectrum

FIGURE 1.1: Images of a scene taken using an RGB camera (left)

and thermal camera (right). The pedestrian and vehicle are

almost entirely non visible in the RGB image, while they are
clearly visible in the thermal image.

On the other hand, some disadvantages of thermal sensors include:

* Lower Resolution: Thermal sensors typically offer lower resolution

compared to RGB sensors [128]. This reduced resolution can limit the
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- £ s o -
The combindation of smoke and sun glare can create dangerous driving conditions

FIGURE 1.2: Images of a scene taken using an RGB camera (left)

and thermal camera (right). The thermal image is not at all af-

fected with the glare from the sun, while the RGB camera is
significantly affected and the truck can barely be seen.

level of detail and clarity in thermal images, which may be a drawback
in applications where precise object identification or fine-grained anal-

ysis is required.

¢ Temperature Variance Requirement: Thermal sensors capture thermal
intensities in a scene. For effective thermal imaging, there needs to be a
certain amount of variance in the temperatures of the objects of interest
and the background in the scene. In scenarios where temperature dif-
ferences are minimal or where objects have similar thermal signatures,
thermal sensors may struggle to provide meaningful distinctions, po-

tentially leading to limitations in detection and recognition tasks.

¢ Higher Cost: In comparison to RGB sensors, thermal sensors are gen-
erally more expensive to acquire and deploy [118]. The cost factor can
be a significant consideration for organizations or projects with budget
constraints. This increased expense can be a barrier to the widespread
adoption of thermal imaging technology, especially in applications that

require multiple sensors or large-scale deployments.
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1.3 Research Objectives

Advanced machine vision systems are having a larger and more significant
impact on our daily lives. Increasing the level of automation of our daily
tasks is a core focus of emerging technology. The breakthrough that deep
learning achieved in the field of machine vision allowed the field to be trans-
formed from almost being purely theoretical to being more integrated in real-
world applications. With many critical applications such as autonomous ve-
hicles, medical imaging, video surveillance, and face identification security
systems utilizing computer vision models, it becomes necessary to focus on

enhancing the robustness, safety, reliability, and accuracy of such systems.

The research objectives of this thesis are summarized below:

¢ Study the efficacy of using thermal sensors for the tasks of object de-
tection and MOT, and how the performance compares to that of RGB

Sensors.

* Gain a deeper understanding of the strengths and weaknesses of ther-
mal sensors in different environmental conditions (temperature vari-

ance due to shade, performance during different times of the day).

¢ Study different approaches for fusing RGB and thermal data to leverage
the strengths of both the visible and infrared spectrums, while mitigat-

ing the weaknesses.

1.4 Research Hypothesis

The use of thermal sensors in machine vision has been well studied. It is

established that thermal sensors provide significant advantages over RGB
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sensors in poor lighting and weather conditions.

However, till the time of writing of this thesis, there has not been to the
best of our knowledge a clear research study that conclusively and thor-
oughly exploits the efficacy of thermal sensors in end-to-end pedestrian per-
ception. This is partially attributed to the lack of a large-scale, comprehensive
dataset annotated for detection and tracking of pedestrians in the thermal

and visible spectrums.

Thereby, the central research hypothesis of this thesis is: Leveraging the
unique characteristics of thermal data, such as thermal signatures and reduced re-
liance on visible light conditions, will enhance the accuracy, robustness, and scala-

bility of object detection and tracking algorithms.

1.5 Contributions

The contributions of this thesis work can be classified into three categories:
introduction of new benchmarks, comparative experiments and analysis, and

novel models and algorithms.

1.5.1 Datasets

¢ We introduce the world’s first (to the best of our knowledge) large scale
MOT dataset of RGB and corresponding thermal images for advanced,
large scale research on multiple object detection and tracking for far ob-
jects (100 — 300 meter distances) in the visible and infrared spectrums.
The images from both sensors are aligned to be in the same coordinate

system, facilitating research in thermal-RGB sensor fusion.
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¢ We introduce a second MOT dataset annotated for pedestrians at vary-
ing distances, taken at 5 different crossing locations in an urban envi-
ronment. The dataset is expected to act as a benchmark for thermal

multiple object tracking methods.

1.5.2 Comparative experiments and analysis

¢ We conduct a comprehensive set of experiments to analyse the strengths
and weaknesses of the utilization of thermal sensors for robust object
detection compared to RGB sensors. The analysis also exploits the ef-
fect of adverse weather and lighting conditions on the performance of

RGB and thermal sensors.

* We conduct a comprehensive set of experiments to highlight the strength
of existing sensor fusion methods for combining RGB and thermal im-

ages for object detection tasks.

* We compare the performance of MOT models operating in the thermal

domain against MOT models operating in the RGB domain.

1.5.3 Novel models and algorithms

¢ We introduce a dynamic confidence cut-off (DCC) threshold mecha-
nism for 2-stage object trackers that enhances the box association step

by assigning a DCC for detected objects based on box area.

e We introduce a new method for RGB-thermal sensor fusion that achieves
better results than existing fusion methods for the task of object detec-

tion.

¢ We introduce a new box association method that can be used with two-

stage MOT models running in the thermal spectrum that utilizes the
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unique characteristics of thermal data and combines them with motion

data for robust MOT in the thermal spectrum.

1.5.4 Publications

* Multiple Object Detection and Tracking in the Thermal Spectrum [27]
¢ Enhanced Thermal-RGB Fusion for Robust Object Detection [26]

¢ Thermal-Motion Box Association for Robust Tracking in the Thermal

Spectrum, paper finalized for submission to a conference.
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Chapter 2

Literature Review

We utilize thermal sensors to enhance the perception ability of systems for
the tasks of multiple object detection and tracking. In this chapter, we pro-
vide a literature review of the use of thermal sensors in machine vision, in

addition to related work in the tasks of multiple object detection and track-

ing.

The remainder of this chapter is organized as follows: Section 2.1 pro-
vides an overview of the use of thermal sensors in machine vision literature.
Section 2.2 elaborates on multi-modal sensor fusion. In section 2.3, we go
over existing thermal-RGB datasets. We provide an overview of approaches
to object detection and MOT in sections 2.4 and 2.5 respectively. Section 2.6
goes over several approaches for pedestrian detection and tracking that uti-

lize thermal sensors.

2.1 Thermal Imaging

Image processing serves as a fundamental cornerstone in the realm of com-
puter vision, with its overarching goal being the extraction of meaningful
information from visual data, whether it’s a single image or a sequence of
images constituting a video stream. This information encompasses a wide

array of elements, including the identification of objects, understanding the
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context in which these objects exist, and even deciphering the actions or ac-
tivities unfolding within the visual scene. By leveraging various techniques
and algorithms, image processing endeavors to transform raw pixel data into
structured knowledge, enabling machines to comprehend and interact with

their visual environment effectively.

In this context, thermal sensors stand out as invaluable tools due to their
ability to capture and represent data in a two-dimensional format denoted
as (width, height). This format closely parallels the representation commonly
associated with RGB images, which consists of an array of pixels organized
along two dimensions. Because of this similarity, thermal images offer a fer-
tile ground for the application of a wide spectrum of image processing tech-
niques, ranging from traditional computer vision methodologies to cutting-
edge deep learning approaches.

In [133], Zuluaga-Gomez et al. highlight the efficacy of using thermal
imaging for the reliable detection of breast cancer. The authors cite limita-
tions such as expensive X-Ray equipment, social and cultural norms, and
dense tissue formation during young age as a motive to experiment with
thermography for breast cancer detection as an alternative to other tech-
niques like ultrasound, magnetic resonance imaging, and mammographies.
The authors train a CNN on a dataset of thermal images, and achieve an
accuracy of 90% in predicting breast cancer. The authors also show that ap-
plying data augmentation on the thermal dataset achieves almost identical
performance compared to training on a dataset with up to 50% more original

images.

In [11] the authors argue that RGB hand gesture recognition is limited by
lighting conditions. As a result, such systems perform poorly in scenarios

where there is no or poor source of natural or artificial light. The authors
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train a compact CNN model on a collected dataset of thermal images for
hand gesture recognition. The authors achieve an accuracy of 99.98%, while
showing that the compact CNN runs at around 12 frames-per-second (FPS)

on a low power edge device.

In order to improve automation in the process of building inspections,
Park et al. introduce a pipeline to detect thermal anomalies utilizing RGB
and thermal sensors [91]. Heat anomalies could be a result of inadequate
insulation applied, leaks, moisture, ventilation heat loss, or conductivity heat
loss. The authors utilize RGB images to segment the wall region in an image
using a CNN. Then, they use the segmented wall area to detect anomalies in

the temperature distribution of the wall region.

2.2 Multi-Modal Sensor Fusion

Sensor fusion is an important concept in the field of data integration and
computer vision, often employed to enhance the overall performance of sys-
tems that rely on information from multiple sensors [125, 77, 103, 68, 48].
While it is versatile and can accommodate various combinations of sensors,
the most promising results typically emerge when data from complemen-
tary sensors are fused together. This notion hinges on the idea that different
sensors can capture unique aspects of the environment, and their combined
insights can offer a more comprehensive and accurate understanding of the

world around us.

The fusion of sensor data can be categorized into three primary methods
based on when it occurs within the network’s architecture: early-fusion, mid-

fusion, and late-fusion.
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Early-fusion, also known as feature-level fusion, takes place at the initial
stages of data processing. In this method, the raw data from multiple sensors
are combined before any extensive analysis. The merged data may include
information from various sensors, such as visual, thermal, or depth sensors.
Early-fusion aims to create a unified representation of the environment, al-
lowing subsequent processing stages to work with a single, integrated data
stream. This approach can be advantageous when the sensors provide com-
plementary information that can improve the accuracy and robustness of the

system [66, 4, 85, 21, 109].

Mid-fusion, occurs after some initial processing has taken place on each
sensor’s data individually. Each sensor’s output is processed independently
to extract relevant features or make preliminary decisions. These interme-
diate results are then combined to make a final decision or inference. Mid-
fusion is beneficial when sensors have distinct strengths and weaknesses,
and processing their data separately can highlight their respective expertise
[62, 90, 43, 121]. By fusing these intermediate decisions, the system can capi-
talize on the unique capabilities of each sensor while mitigating their limita-

tions.

Late-fusion, or sensor-level fusion, is the fusion approach that happens
at the final stages of processing. Here, each sensor’s data is processed in-
dependently, and the results are maintained separately until the very end of
the analysis pipeline. Only at this stage are the outcomes merged, typically
through techniques like weighted averaging or voting, to arrive at a final
decision or interpretation. Late-fusion is often employed when different sen-
sors provide diverse perspectives or modalities of the same scene, and the
system aims to maintain flexibility by postponing the fusion until it's most

contextually relevant [3, 1, 32, 98, 75].
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The Aggregate View Object Detection (AVOD) is a two-stage network
proposed by Ku et al. [54]. The first stage uses an element-wise mean op-
eration to fuse LiDAR and RGB features and generate 3D object proposals
which are refined by the second stage. Liang et al. [64] use an element-wise

add operation for their continuous [116] LIDAR-RGB fusion approach.

Massoud [79] implements learnable fusion from a LiDAR scanner and
an RGB camera. The approach uses fusion methods with the LiDAR bird’s
eye view (BEV) representation, the LiDAR’s frontal view (FV) representa-
tion, and RGB frames for the tasks of 2D, 3D, and BEV object detection. The
method proposed for learnable fusion, Multi-modal Factorized Bilinear Pool-
ing (MFB), is tested as an early and mid-fusion approach and is compared
with the more straight-forward solutions of element-wise addition [64] and

element-wise multiplication.

Pasandi et al. [92] expand upon this work by comparing the same set
of fusion operations, but add in feature concatenation and their proposed
Bilaterally-Guided Fusion (BGF). The authors compare these techniques as
either early-fusion or mid-fusion in the context of the 2D object detection
task on the KITTI dataset. They present a detailed analysis of performance

and computational complexity.

As the work in [79, 92] shows that early fusion methods out-perform mid

and late fusion approaches, we focus on early fusion in our work.
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2.3 Thermal-RGB Datasets

Most existing tracking datasets that include thermal images are annotated
for single-object tracking [72, 73, 61]. However, none of the existing thermal
MOT datasets offer a sufficient volume of data for multi-object tracking for
pedestrians. With limited sequences and annotated frames, these datasets
are inadequate for training and evaluating MOT algorithms in complex real-
world scenarios. Recognizing this limitation, we undertook the collection
and annotation of two new, large-scale datasets containing both RGB and
corresponding thermal data. This initiative addresses the need for a more ex-
tensive and diverse dataset collected in real-world scenarios, allowing for the
development and assessment of MOT algorithms in challenging, real-world
conditions in both the thermal and color spectrums. The first dataset is more
suitable for RGB-Thermal fusion research, while the second is a large-scale
dataset that can be used specifically for research on MOT in the thermal do-

main.

We utilize the same FLIR ADK thermal sensor and a JAI GO-5100C RGB
sensor for the collection of both datasets. The specifications of both sensors
are given in tables 2.1 and 2.2 respectively. A plastic mount was built to en-
close and fix both sensors next to each other, and a tripod thread was installed
on the plastic enclosure such that both sensors could be installed on a tripod
for data collection. Figures 2.1 and 2.2 show the developed capturing setup

and the sensor plastic enclosure.
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Specification Value

Horizontal FOV 75°

Spectral Band 8-14 microns (LWIR)
Thermal Sensitivity | <560 mK

Power Consumption | 4W average

Image Resolution 640 x 512

TABLE 2.1: FLIR ADK technical specifications

Specification Value

Shutter type Global shutter
Power Consumption | 4.35W

Frame Rate Up to 74 frames/sec

TABLE 2.2: JAI GO 5100-C technical specifications

FIGURE 2.1: Capturing system
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FIGURE 2.2: Sensor plastic enclosing

2.4 Object Detection

Object detection is a field in CV that focuses on localizing objects of interest
in an image. As opposed to image classification, where the model receives an
input image and outputs a label corresponding to the class of the image, ob-
ject detection focuses on determining where in an image an object of interest
exists. Object detection allows the localization of multiple objects of possibly

different classes in one image.

Training a deep-learning based object detector requires the collection and
labelling of a dataset of images where for every image, the ground truth label
represents the location (x,y, width, height) and class of every object present

in the image (Figure 2.3).
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Object detection is a core research area in computer vision for its numer-
ous applications in real-world systems (surveillance, scene understanding,
action recognition, autonomous systems, etc.). In addition, object detection
is often the first step in the pipelines of Multiple Object Tracking (MOT) and

re-identification models.

=,

Person

FIGURE 2.3: In object detection, the model is trained to predict
the class and location of every object of interest in an image.
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Object detection methods are divided into two categories: two-stage de-
tection and one-stage detection. Methods in the former category use a first
stage to generate object proposals that are refined and classified by a second
stage [35, 34, 96, 12, 38, 25], while those in the one-stage category bypass
the region proposal stage and generate predictions directly [95, 74, 71, 59].
One stage detectors have become the more popular and standard apporach
for 2D object detection as they are generally faster, and the accuracy of these
models have become comparable to that of two stage approaches. Two stage

detectors are generally composed of a feature extractor, and a detection head.

Two common metrics used to assess the performance of object detection
models are precision and recall. Precision in object detection measures the ac-
curacy of the identified positive instances, calculated as the ratio of true pos-
itive predictions to the total positive predictions. Recall, on the other hand,
assesses the ability of the algorithm to capture all relevant positive instances
by calculating the ratio of true positive predictions to the total actual positive
instances in the dataset. Precision and recall are calculated using Equations

2.1 and 2.2 respectively.

. TP
Precision = TP+ FD (2.1
TP
Recall = m (22)

Where:
e TP:True Positives
e FP: False Positives

* FN: False Negatives
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2.4.1 Feature Extractors

In general, any convolutional neural network can be used as a feature ex-
tractor for one-stage object detection models. The choice of feature extractor
to be used depends on the application requirements of speed and accuracy.
Larger, more sophisticated feature extractors generally extract more robust
features that lead to better detection performance, at the expense of higher
processing times. Some of the common feature extractors used as backbones

for object detection models are described below.

ResNet

He et al. [39] introduced the residual block to enable the training of sig-
nificantly deeper models than previously possible. The architecture of the
residual block uses identity mappings as shortcuts around consecutive con-
volutional layers. The resulting residual network, or ResNet, is presented
in multiple versions depending on its number of layers: ResNet-18, ResNet-
34, ResNet-50, ResNet-101, and ResNet-152. Each version is composed of 5

stages, each composed of residual blocks of two or three convolutional layers.

ConvNext

Liu et al. [78] proposed ConvNeXt as an update of the ResNet architecture.
They change training parameters (using the AdamW optimizer and new data
augmentation techniques), the number of residual blocks in each stage (mak-
ing the 3rd stage heavier and the other stages lighter), the structure of the
tirst layer (using a smaller non-overlapping kernel), and how downsampling
layers are implemented (between stages instead of at the end of each stage).

Additionally, the authors use depth-wise convolutions, inverted bottleneck
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design, and larger kernel sizes, replace ReLU activation functions with GELU
and Batch Normalization with Layer Normalization, and reduce the number
of each. All these design changes result in a significant increase in accuracy

for multiple tasks.

2.4.2 Detection Heads

A detection head receives the processed feature map output by the convolu-
tional feature extractor, and predicts the locations and corresponding classes

of objects present in an image.

Task-aligned One-stage Object Detection (TOOD)

Feng et al. introduced the Task-aligned One-stage Object Detection (TOOD)
[29] which strengthens the link between the localization and the classifica-
tion tasks of object detection. This is accomplished by introducing "Task-
Alignment": taking the network’s outputs for each task and passing them to
a network head that modifies the score and the location predictions to align
their optimal anchors. Their Task Alignment Learning (TAL) also pushes the
network to predict better aligned bounding boxes. TOOD achieved an AP of
51.1 on the MS-COCO dataset.

VarifocalNet (VFNET)

Zhang et al. designed VENet using Varifocal Loss [127]. This loss is meant
to maximize the loU-aware classification score (IACS) that takes into account
both the classification and the location of a prediction. The Varifocal loss

also modifies focal loss by weighing positive examples more heavily than
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negative ones. Additionally, VFNet uses a new nine-point deformable con-
volution representation for bounding boxes and a network head to refine the

network’s box predictions by learning an additional offset to their locations.

2.5 Multiple Object Tracking

The goal of object detection is to localize objects of interest in a scene by pre-
dicting the location of the objects” bounding boxes and the corresponding
classes. The goal is to identify objects of interest in an image on a frame-by-
frame basis. This means that if a video sequence is being processed, object
detectors will process every frame independently and generate predictions
over the locations and classes of objects present in each frame. Single object
tracking aims at assigning an ID to an object, and consecutively re-identify
the same object (same ID) in consecutive frames in a video sequence. MOT is
considered a more complex task than object detection and single object track-
ing. MOT aims at assigning a unique ID for every object of interest present
in a frame, and maintain the same ID in corresponding frames as the object

moves in the video sequence (Figure 2.4).

In the context of MOT, a tracklet is defined as the set of detections having
the same class and same unique ID. Ideally, a tracker would assign one ID for
all detections of an object instance in a video sequence. However, since MOT
is naturally a more difficult task than object detection, tracklet fragmenta-
tion often occurs where a tracker fails to maintain the same unique ID for an
object, leading to the generation of multiple tracklets corresponding to the
same object in a video sequence. MOT has important applications including
trajectory prediction, video security and surveillance, virtual reality, human-

computer interaction, and person re-identification.
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MOT is a complex task that involves the continuous localization and as-
sociation of multiple objects across video frames. While MOT has made sig-

nificant strides in recent years, it still faces several challenges:

¢ Prediction of Object Trajectories: One of the primary challenges in
MOT is accurately predicting the trajectory of moving objects. The mo-
tion of objects can be intricate and challenging to forecast, especially
when objects exhibit abrupt changes in speed, direction, or behavior.
Factors like occlusions and interactions between objects further com-

plicate trajectory prediction.

* Variability in Object Appearance (Figure 2.5): Objects tracked in MOT
systems often exhibit varying appearances as they move. For instance,
when tracking a pedestrian, their facial features and clothing may ap-
pear quite different when facing the camera compared to when they
have their back turned. Handling these appearance variations and main-

taining accurate object associations is a persistent challenge in MOT.

¢ Intermittent Object Occlusion (Figure 2.6): In real-world video se-
quences, objects of interest can momentarily disappear from view due
to occlusions, sudden obstructions, or temporary exits from the cam-
era’s field of view. These interruptions in object visibility can disrupt
the tracking process and make it challenging to maintain a unique ob-

ject identity over time.

* Dependency on Detector Accuracy: Many state-of-the-art MOT sys-
tems rely on two-stage detection-based trackers, where the first stage
involves object detection followed by tracking. The performance of
such trackers is heavily contingent on the accuracy of the object de-
tector. If the detector fails to detect an object in a particular frame,
the tracker will be unable to initiate tracking for that object. This de-

pendence on the detector’s precision introduces vulnerabilities in MOT
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Frame

systems, especially when dealing with challenging detection scenarios,

such as low-resolution images or objects with complex appearances.

att=n

FIGURE 2.4: In MOT, in addition to predicting the class and
location of objects of interest, the model must also maintain the
same class ID for the same object across different frames. This
allows the re-identification of the object as it moves throughout
a video sequence. This figure shows the workflow of two stage
MOT where the first step is to detect the objects, and the second
step conducts box association between bounding boxes of the
previous frame and bounding boxes of the current frame.

The tracking-by-detection paradigm is more suitable for real-world appli-
cations, where different detectors could be used as a first step in the tracking
pipeline, and the training data does not necessarily need to contain tracking
ground truth labels. In addition, the rapid breakthrough in deep learning
has led to the emergence of faster and more accurate detectors [29, 127, 69].
This has led to more research in MOT utilizing state-of-the-art object detec-

tion models [122, 9].
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FIGURE 2.5: Variable appearance of pedestrians captured using
RGB sensors.

Since object detectors are not perfect, and there will always be cases where
the detector predicts false positive boxes or misses true detections (false neg-
atives), state-of-the-art MOT approaches often eliminate predicted boxes with
a low confidence by setting a cut-off threshold for detector confidence. How-
ever, this inevitably leads to some true detections being ignored, especially

in cases where there is occlusion.

The main two metrics we use to evaluate the reliability of MOT models

are:
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FIGURE 2.6: Inter-class occlusion (left) and intra-class occlusion
(right).

* MOTA: stands for Multiple Object Tracking Accuracy, and it is a com-
monly used metric in the field of Multiple Object Tracking (MOT) for
evaluating the performance of object tracking algorithms. MOTA is
used to assess how well an algorithm tracks objects over time in video

sequences or other tracking scenarios.

MOTA takes into account various factors, including false positives (FP),
false negatives (FN), identity switches (IDs), and the total number of
frames. It quantifies the overall accuracy of the tracking system by con-
sidering both the tracking errors (e.g., missed detections and incorrect
associations) and the tracking performance (e.g., correctly tracked ob-
jects). It is possible for MOTA to be negative, indicating a tracking sys-
tem that performs worse than a simple detector without tracking. A
negative MOTA suggests that the tracker is introducing more errors

than it is correcting. The formula for calculating MOTA is as follows:
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FN + FP + IDs

MOTA =1 — CT

Where:

— FN (False Negatives): Number of ground truth objects that were

not correctly tracked.

— FP (False Positives):Number of objects that were falsely detected

or associated with a track.

- IDs (Identity Switches): Number of times the tracking system in-

correctly switched the identities of objects.

- GT (Ground Truth): Total number of objects in the ground truth

(there must be at least one GT instance).

A higher MOTA value indicates better tracking accuracy, with 1 being
a perfect score where there are no tracking errors. Conversely, a lower

MOTA value suggests more tracking errors and less accurate tracking.

¢ IDFI1: is a metric used in Multiple Object Tracking (MOT) to evaluate
the accuracy of identity assignments or tracking of objects over time.
It provides a single measure that combines both precision and recall of

identity assignments.

IDF1 takes into account the following two metrics:

— IDP (Identity Precision): IDF1 includes the concept of identity pre-
cision, denoted as IDP. Identity precision measures how accurately
the tracking algorithm associates identities or tracks with objects

in a video sequence. It is calculated as follows:

_ Number of Correct Identity Assignments
~ Total Number of Identity Assignments by the Tracker

IDP
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IDP assesses the proportion of identity assignments made by the
tracker that are correct. A high IDP indicates that the tracker makes

accurate identity assignments.

— IDR (Identity Recall): IDF1 also considers identity recall, denoted
as IDR. Identity recall evaluates how well the tracking algorithm
captures all the true identities in the ground truth. It is calculated

as follows:

Number of Correct Identity Assignments

IDR = Total Number of Ground Truth Identities

IDR measures the proportion of true identities correctly tracked by
the algorithm. A high IDR indicates that the tracker successfully

captures most of the ground truth identities.

IDF1 combines IDP and IDR to provide an overall measure of identity
assignment accuracy using the F1 score. The F1 score is calculated as

the harmonic mean of IDP and IDR:

2-IDP - IDR

IDFL = 955 1DR

2.5.1 ByteTrack

Of the systems utilizing the tracking-by-detection paradigm, ByteTrack [130]
has achieved state-of-the-art performance on the test data of the benchmark
MOT17 dataset [81] with a MOTA of 80.3%. ByteTrack utilizes YOLOX [33]
to generate detections. Instead of ignoring detection boxes with low confi-
dence, ByteTrack separates the predicted boxes into a set of high-score detec-

tion boxes, and a set of low-score detection boxes.
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The algorithm first predicts the locations of the tracklets in the next frame
using a Kalman filter, then matches the tracklets with the high-score detection
boxes by computing the IOU between the high-score detection boxes and the
predicted tracklet location. Tracklets that remain unmatched through this
tirst association are then matched with the low-score detection boxes through
a second association step. At the end of this two-step association process,
tracklets that remain unmatched are deemed to be lost, new tracklets are
created from the unmatched high-score detection boxes, and the remaining

low-score detection boxes are ignored.

2.5.2 Observation-Centric SORT (OC-SORT)

Another state-of-the-art MOT model is OC-SORT, where the authors intro-
duce a novel approach aimed at addressing the limitations of the traditional
SORT (Simple Online and Realtime Tracking) [7] algorithm. OC-SORT is
specifically designed to enhance object tracking performance, particularly in
scenarios involving object occlusion and non-linear motion. The core inno-
vation centers around a paradigm shift from an estimation-centric methodol-
ogy to an observation-centric one. To combat the issue of error accumulation
when tracking an object that has been temporarily lost, the authors propose
an Observation-centric Re-Update (ORU) strategy. ORU leverages observa-
tions from a virtual trajectory to recalibrate the parameters of the Kalman

filter.

Furthermore, the authors introduce an Observation-Centric Momentum
(OCM) term within the association cost function, prioritizing the use of ob-
servations over estimations to improve the accuracy of motion direction es-

timation. An Observation-Centric Recovery (OCR) technique, which aids in
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recovering temporarily lost object tracks, such as those occluded or momen-
tarily stationary is also introduced. Together, these methodological innova-
tions constitute the OC-SORT algorithm, which is developed as an enhance-
ment to ByteTrack [130].

2.6 Detection and Tracking Using Thermal Sensors

Since our work focuses on the problem of pedestrian detection and tracking,
we dedicate this section to cover previous work that utilized thermal sensors
for the task of people detection and tracking.

In [28], the authors aim to improve the enforcement of high occupancy ve-
hicle lanes through thermal sensors that are installed inside a vehicle. The au-
thors argue that thermal sensors conceal the visual characteristics of human
faces and are thereby more suitable to be installed inside a vehicle to enhance
privacy. A dataset is collected with images of a varying number of passen-
gers in different vehicles, with annotations for head and torso locations. The
authors use thermal images to train object detectors to count the number of
passengers, achieving impressive precision-recall. A compact CNN classifier
is trained to output the predicted number of passengers, achieving an accu-

racy of 91%.

The work in [60] utilizes both an RGB and thermal camera for the task
of pedestrian detection. The two sensors are fixed to have a consistent hor-
izontal axis, and the geometric transformation between the two sensors is
derived. Data is streamed from both sensors simultaneously, and adaptive
image subtraction is applied on each sensor independently to detect move-
ment in each sensor. When movement is detected in one of the sensors, the
geometric transformation between the sensors is used to predict the location

of the pedestrian in both images. A series of morphological operations are
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applied to remove noise, but there is no use of a classifier to clearly differen-

tiate a pedestrian from any other moving object.

In [57], the authors also utilize an RGB sensor and a thermal sensor for
accurate detection of pedestrians at night. The approach is composed of two
steps: hypothesis generation and hypothesis verification. In the first step, the
thermal image is segmented using the multi-threshold OTSU method [42]. In
the second step, the extracted regions of interest (ROI) from the thresholding
operation are classified using random forests. The features used for classi-
fication are Histogram of Oriented Gradients [88] and Histogram of Optical
Features [93]. This approach a precision and recall of 97.32% and 98.32% re-
spectively on the INO Video Analytics [44] and LITIV datasets [108].

In [58], the authors devise a method for pedestrian detection and tracking
on thermal images obtained from Unmanned Aerial Vehicles for surveillance
and security applications such as border control. The proposed approach is
composed of two steps: ROI detection and ROI tracking. In the first step,
a human detector utilizing saliency maps and contrast enhancement tech-
niques is used alongside an SVM classifier to predict the locations of pedes-
trians in the image. In the second step, the motion vector from the MPEG
compression algorithm are used to predict the location of the pedestrian in

the consecutive frames.

2.7 Conclusion

In this chapter, we provided a literature review of the use of thermal sensors
in the field of computer vision, in addition to specific research utilizing ther-
mal sensors for the ask of pedestrian detection and tracking. We provided an

overview of state-of-the-art approaches in object detection and MOT.
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Chapter 3

RGB and Thermal sensor

performance in MOT

In this chapter, we explain the work we have conducted on comparing the
performance of RGB and thermal sensors for the tasks of multiple object de-
tection and tracking. This work was published in a specialized workshop on
Perception Beyond the Visible Spectrum, part of the Computer Vision and

Pattern Recognition conference in 2022 [27].

Multiple Object Tracking (MOT) is an integral part of machine vision re-
search. Most tracking-by-detection based MOT solutions utilize video streams
from RGB cameras for their operation. However, for real-world applications,
it is necessary to utilize sensors that operate in different spectrums to accom-
modate for varying lighting conditions. Since object detection is the first step
of the tracking pipeline in tracking-by-detection approaches, we compare the
performance of state-of-the-art object detectors when trained on color images
to their performance when trained on thermal images. We introduce a new
dataset for multiple object tracking with thermal images and corresponding
RGB images and show that state-of-the-art trackers perform better on ther-
mal images, especially in poor lighting conditions. Finally, we propose the
use of a dynamic cut-off threshold for tracking-by-detection approaches that

factors the size of a predicted box to enhance the tracker association.
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This chapter is organized as follows. We provide a brief introduction and
background of our work in 3.1. We describe our proposed approach and the
experiments conducted in 3.2. The results and analysis are given in 3.3. We

conclude this chapter in 3.4.

3.1 Introduction

3.1.1 MOT Applications

Multiple Object Tracking (MOT) represents a fundamental and challenging
problem within the field of computer vision. At its core, MOT is the tracking
of multiple objects across a continuous stream of video frames, with the pri-
mary goal of assigning and preserving unique identities for each object. This
task demands not only reliable tracking algorithms but also robust methods
for handling object occlusions, appearance variations, and complex interac-
tions between objects. As a result, MOT has garnered significant attention
from researchers and developers aiming to harness its potential across di-

verse applications.

One of the key domains where MOT has made substantial contributions
is in the realm of autonomous vehicles. In this context, MOT plays a criti-
cal role in enhancing the perception capabilities of autonomous vehicles. By
accurately tracking and identifying pedestrians, cyclists, and other vehicles,
MOT systems enhance safety and facilitate intelligent decision-making. The
ability to continuously monitor and predict the trajectories of surrounding
objects is pivotal for achieving safe and efficient autonomous navigation,

making MOT an indispensable component of autonomous vehicle technol-

ogy.
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Furthermore, MOT has important applications in the field of human-computer
interaction (HCI), reshaping the way humans interact with machines. Through
MOT, computer systems can track and interpret gestures, body movements,
and facial expressions in real-time, enabling more intuitive and responsive
interactions. This technology has far-reaching implications, spanning from
natural and immersive virtual reality experiences to assistive technologies
that empower individuals with disabilities to engage with digital interfaces

more effectively.

In the domain of virtual reality (VR), MOT contributes to the creation
of highly immersive and interactive virtual worlds. By precisely tracking
the movements and positions of physical objects and users, VR systems can
seamlessly integrate real-world actions into the virtual environment. This
tusion of the physical and digital realms enhances the sense of presence and

immersion, making VR experiences more compelling and engaging for users.

3.1.2 Two-stage MOT models

Most state of the art MOT methods [119, 130, 19, 5] utilize the tracking-by-
detection paradigm, which is a two-stage process. In the first stage, a stan-
dalone detector is run on the video sequence to predict the location and class
of objects present in the frames. In the second stage, a tracker processes these
detections to conduct association: assigning a unique ID to detections of the
same object across consecutive frames. While the performance of an object
detector is usually measured by how accurate it can localize and classify ob-
jects in a single frame, the performance of a multiple object tracker also fac-

tors how well it can correctly re-identify an object across consecutive frames
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of a video sequence.

While some approaches have been developed that perform one shot, end-
to-end tracking [126, 63], such methods were still unable to surpass the per-
formance of two-stage tracking methods. Zhang et al. [131] performed an
empirical study that concluded that the tasks of object detection and object
tracking often compete with each other during training, causing one-shot

trackers to be less accurate than two-stage trackers.

3.1.3 Perception Systems and Thermal Sensors

Deep learning helped achieve significant breakthroughs in machine vision
tasks (advanced perception modules, intelligent monitoring systems, and au-
tonomous vehicles, to name just a few) [87]. Such systems rely on the fusion
of information from multiple types of sensors (lidar, radar, RGB cameras,
depth sensors, thermal sensors, etc.) to get a better perception of the envi-
ronment. This information is processed by an artificial intelligence module
to perform advanced analysis and make critical decisions. Accurate multiple
object detection and tracking is an essential task as it allows the localization

of objects of interest and the prediction of the trajectory of moving objects.

The use of thermal sensors in machine vision is becoming more popular
[52, 23, 36, 80, 102, 132, 101] as they offer a powerful perception of the ther-
mal identities of objects in a scene. They are also suitable for outdoor appli-
cations as thermal sensors operate normally at night and are not significantly

affected by poor weather conditions [107].
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3.1.4 Chapter Summary

In this chapter, we study the feasibility of using thermal sensors to conduct
accurate multiple object detection and tracking. The core contributions of the

work elaborated in this chapter are summarized below:

* We introduce a new dataset for multiple object tracking with images
and ground truth annotations for RGB and corresponding thermal im-

ages.

¢ We compare the performance of two state-of-the-art object detectors
(TOOD [29], VENET [127]) when trained on thermal images to when
they are trained on RGB images of the Teledyne FLIR Thermal Dataset

for Advanced Driver-Assistance Systems '.

¢ We study the efficacy of applying transfer learning of weights trained

on a RGB dataset when training an object detector on thermal images.

* We develop a tracking-by-detection MOT method based on the current
state-of-the-art approaches that operates on thermal images, and en-
hance the data association of the tracker by applying a dynamic cut off

score for detections based on the predicted box area.

3.2 Proposed Approach and Experiments

In this section, we elaborate on the experiments we have conducted in the
color and thermal domain on object detection, multiple object tracking, and

our proposed dynamic confidence thresholding for MOT.

https:/ /www.flir.ca/oem/adas/adas-dataset-form/
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(A) Morning sample RGB (B) Afternoon sample RGB (C) Night sample RGB im-
image. image. age.

| AYic ¥ NN Y NI 1

T\
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mal image. mal image. image.

FIGURE 3.1: Samples from the three testing sequences of our
dataset taken during different times of the day.

3.2.1 Datasets
City Scene RGB-Thermal MOT Dataset

For the purpose of comparing tracking methods on visible and infrared im-
ages, we collected and manually annotated a dataset using a FLIR infrared
camera and a visible-light camera, both at a framerate of 10Hz. One in ev-
ery 2 frames was annotated, resulting in an effective framerate of 5Hz for the
dataset. During data collection, the cameras were static and aimed at a city
intersection. Cars and pedestrians were annotated up to a distance of 300m

and 100m respectively.

The dataset is composed of 15 sequences collected over the course of a
day, for a total of 1,997 annotated frames. These sequences are divided into
a training set of 12 sequences (1,591 frames) and a testing set of 3 sequences
(406 frames). Samples from the three testing sequences are given in Figure

3.1.
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The annotated frames contains 267 unique car instances, 25,985 car bound-
ing boxes, 145 unique pedestrian instances, and 7,822 pedestrian bounding

boxes.

In this module, the dataset was not aligned. The sequences from RGB and

thermal were annotated separately.

FLIR ADAS dataset

In our experiments, we study the performance of state-of-the-art object de-
tectors when trained on color images compared to when trained on ther-
mal images. To that end, we use the FLIR Thermal Dataset for Advanced
Driver-Assistance Systems, which is one of the largest and most comprehen-
sive thermal datasets that also provides color images corresponding to the
thermal images. It is composed of city scenes captured using a thermal sen-
sor and an RGB camera installed on top of a car. It is manually annotated for
15 classes (person, car, bike, etc.). There is a total of 11,886 training images

and 3,749 testing images.

3.2.2 Object Detection Experiments

The object detector is an integral part of tracking-by-detection approaches.
The performance of the tracker is significantly influenced by the performance
of the object detector. In our experiments on object detection, we address the

following two matters:

¢ We study the efficacy of applying transfer learning of weights trained
on the Imagenet dataset [24] (color images) to train an object detector

on thermal images.
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Parameter Value
Tood VEFNet
Learning Rate 0.01 0.005
Batch size 6 4
Input image size | 300300 | 300x300
Optimizer SGD SGS
TABLE 3.1: Training hyper-parameters
Experiment # | Weight Initializatoin Trained / Tested on Object Detector
1 Imagenet ADAS Thermal Train/Test Sets TOOD
2 Random ADAS Thermal Train/Test Sets TOOD
3 Imagenet ADAS RGB Train/ Test Sets TOOD
4 Random ADAS RGB Train/ Test Sets TOOD
5 Imagenet ADAS Thermal Train/Test Sets VENET
6 Random ADAS Thermal Train/Test Sets VENET
7 Imagenet ADAS RGB Train/Test Sets VENET
8 Random ADAS RGB Train/ Test Sets VENET

TABLE 3.2: Object detection experiments conducted

* We compare the performance of object detectors when trained on ther-

mal images against when they are trained on color images. As both

the FLIR ADAS dataset and our City Scene RGB-Thermal MOT dataset

contain images taken at night, this experiment is important to examine

the efficacy of thermal images under poor lighting conditions.

Table 3.2 shows a summary of the object detection experiments conducted.

We use the MMDetection toolbox [17] for all object detection training exper-

iments we perform. The tuning of training parameters was guided by previ-

ous experience, established default values, in addition to experiment results.

Those parameters are listed in table 3.1.

We use Resnet50 [40] as the backbone of the detectors in all experiments.

We use focal loss [70] for box classification. We apply data augmentation (re-

sizing to random smaller dimensions preserving aspect ratio, and flipping)

to enrich the dataset.
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3.2.3 MOT Experiments

For our experiments on MOT, we use the state-of-the-art ByteTrack [130] ap-
proach. ByteTrack’s simple design that conducts data association based on
motion similarity make it ideal for our experiments, as the tracker does not
require any domain-specific training. We fine tune the trained object detec-

tors on the tracking dataset we collected as follows:

¢ Fine tune TOOD and VENET on the thermal images of our City Scene
RGB-Thermal MOT dataset with weights initialized from the trained

detectors on the ADAS Thermal dataset.

¢ Fine tune TOOD and VFNET on the RGB images of our City Scene
RGB-Thermal MOT dataset with weights initialized from the trained

detectors on the ADAS RGB dataset.

3.2.4 Dynamic Confidence Cut-Off (DCC)

In the original implementation of ByteTrack, the authors set a minimum de-
tection threshold 7,,;, (0.1) and a threshold for high score detection boxes
Eigh (0.5). Bounding boxes that have a confidence below 7, are ignored,
boxes that have a confidence between 7, and T;q), are treated as low score
detection boxes, and boxes that have a confidence higher than 7j;,, are treated

as high score detection boxes as explained in Section 2.5.

A drawback of this implementation is that it treats all objects of all sizes
in the same manner strictly based on which range the confidence value falls
in. This inevitably leads to false and missed detections as it does not take into
account several factors like very small detections that are far from the cam-
era, significant overlap and occlusion, especially as the size of the objects gets

smaller as they move away from the camera (as is the case in some sequences
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in our City Scene RGB-Thermal MOT dataset, where the size of a tracked car

for example becomes smaller as it moves further from the camera).

To address this issue, we propose the use of a dynamic confidence cut-off
score for Tyjq, in the implementation of ByteTrack inspired by the work con-
ducted by Stalder et al. [105], where the authors enhance detector prediction
confidences by incorporating spatial and geometrical context . Our results
show that the dynamic confidence cut-off significantly improves the perfor-
mance of the trackers, especially for objects with a smaller area. We elaborate

more on the findings in Section 3.3.2.

3.3 Results and Analysis

In this section, we elaborate and analyze the results we achieved on object

detection and MOT.

3.3.1 Precision Recall of Object Detectors

To study the performance of TOOD and VENET on the thermal and RGB
variants of the ADAS dataset, we plot the precision-recall curves of all the
models from Table 3.2. The results are given in Figure 3.2 for TOOD and Fig-
ure 3.3 for VFNET.

From the analysis of the precision-recall curve of TOOD, we see that the
detectors trained on thermal images perform significantly better than the
ones trained on RGB images. This could be attributed to the fact that the
ADAS dataset contains data captured at night, where the RGB images would
contain little to no features of the objects of interest present in the frames.
This explains why the maximum recall achieved by the detectors trained on

RGB images is 79%, while the maximum recall achieved by the detectors
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TOOD Precision-Recall Curve

—e— TOOD Random Weights Trained on ADAS RGB - AUC=0.53

—e— TOOD Imagenet Weights Trained on ADAS RGB - AUC=0.74

—e— TOOD Random Weights Trained on ADAS Thermal - AUC=0.84
TOOD Imagenet Weights Trained on ADAS Thermal - AUC=0.87

0.0 0.2 0.4 0.6 0.8 1.0
Recall

FIGURE 3.2: TOOD Precision-Recall curve. A detection is con-

sidered a true positive if it has at least a 0.5 IOU with a ground

truth box. The precision/recall value pairs are calculated us-

ing detection threshold values between 0 and 1, with 0.05 incre-
ments.

trained on thermal images is 97%: even with a very low detection confidence
threshold, the detector still can’t localize objects in the dark in the color spec-
trum. As for precision, it increases with the increase of the detection confi-
dence threshold, as expected. This shows the superiority of detectors trained
on thermal images, especially under poor lighting conditions. The ADAS
dataset does not split the frames captured during the day from those cap-
tured during the night, so we were unable to conduct experiments to show
the performance of the detectors exclusively on the frames taken at night.
However, in the dataset that we collected, we split the sequences taken dur-
ing the day from those taken at night, allowing us to compare the perfor-

mance of the trackers in both settings.
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VFNET Precision-Recall Curve

-—_—

—es— VFNET Random Weights Trained on ADAS RGB - AUC=0.49
—e— VFNET Imagenet Weights Trained on ADAS RGB - AUC=0.7
—e— VFNET Random Weights Trained on ADAS Thermal - AUC=0.74

VFNET Imagenet Weights Trained on ADAS Thermal - AUC=0.88

0.0 0.2 0.4 0.6 0.8
Recall

FIGURE 3.3: VENET Precision-Recall curve. A detection is con-
sidered a true positive if it has at least a 0.5 IOU with a ground
truth box.

1.0

The results also show that using transfer learning when training the detec-

tors improves the overall performance of the detector. However, the results

show that the effect of transfer learning was more significant on the detectors

trained on the RGB images of the ADAS dataset. This could be explained by

the fact that pre-trained weights are also a result of training RGB images (the

Imagenet dataset [24]). While transfer learning did improve the overall per-

formance of the detector trained on thermal images, the improvement was

not as significant. This shows that transfer learning is most effective when

the initial weights and the dataset on which the detector is being trained on

both belong to the same spectrum.

The analysis of the precision-recall curve of VFNET confirms the above
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findings. The maximum recall achieved from the detectors trained on RGB
images is 78%, while the maximum recall achieved by the detectors trained
on thermal images is 96%. Applying transfer learning also improved the per-
formance of detectors both in the color and thermal domains, but we notice

that the improvement in the color domain is more significant.

3.3.2 MOT Metrics

To study the effectiveness of the trained detectors in the task of MOT, we
calculate the standard MOT metrics [6, 97] of ByteTrack with DCC when us-
ing each trained detector on our City Scene RGB-Thermal MOT dataset. We
retrain the detectors on our City Scene RGB-Thermal MOT dataset with the
weights initialized from the weights of the detectors trained on the ADAS
dataset. We study the performance of the tracker across three testing se-
quences, taken in the morning, afternoon, and at night to study the perfor-
mance of the tracker under different lighting conditions. We use the standard
MOT metrics for comparison and focus mostly on the two key metrics MOTA
(Multiple Object Tracking Accuracy) and IDF1 (Identity F1 score). The results

are given in Table 3.3.

The results on the sequence taken in the morning show that the track-
ers operating on RGB images are more effective than trackers operating on
thermal images. This could be explained through analysis of the sunlight dis-
tribution in that sequence. From Figure 3.1, we notice that the field of view
of the thermal camera covers an area that is partially in the shade. Since the
dataset was collected in a hot day in the month of July, there is a consider-
able difference in temperature between the areas in the shade and the areas
in direct sunlight. This could be noticed by comparing the appearance of the

car present in the shade to the appearance of the car present in the sunlight.
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This difference makes it more difficult for the detector to operate on thermal

images of this sequence.

In the second sequence taken in the afternoon, we can see from Figure 3.1
that the entire field of view of the thermal camera is almost entirely in the
shade, so there is no significant variation in temperature values across dif-
ferent parts of the field of view. This results in the tracker performing better
on thermal images, even having a higher MOTA than the tracker running on

RGB images.

In the sequence taken at night, we notice that the trackers operating on
thermal images perform significantly better than the trackers operating on
RGB images (34% higher MOTA when using TOOD, 48% higher MOTA when
using VFNET). This is further proof that the detectors perform better on ther-
mal images when there is not a significant variation in temperature across
different parts of the field of view. In addition, the trackers operating on
RGB images are expected to struggle in detecting objects at night as they are

not clearly visible.

To study the effect of using a dynamic cut-off confidence, we compare
the performance of the trackers with DCC against the performance of the
trackers when using a fixed confidence for high-score detection boxes as in
the original implementation of ByteTrack does. The results are given in Table
3.4. It can be seen that applying a DCC noticeably improves the MOTA of
the trackers, especially since there are lots of objects with a small area in the

dataset (far from the camera).
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Detector MOTA | IDF1 | MT | PT | ML | FP | FN
TOOD Thermal 0.35 0.57 2 1 6 63 | 403
TOOD RGB 0.86 0.92 6 4 0 51 | 51
VENET Thermal 0.33 0.55 2 1 6 56 | 417
VENET RGB 0.66 0.84 6 3 1 185 | 61
(A) Results on the test sequence taken in the morning.
Detector MOTA | IDF1 | MT | PT | ML | FP | FN
TOOD Thermal 0.77 0.85 6 1 3 83 | 14
TOOD RGB 0.7 0.82 5 2 3 46 | 14
VENET Thermal 0.58 0.79 6 0 4 153 | 0
VENET RGB 0.57 0.75 5 1 4 175 | 0
(B) Results on the test sequence taken in the afternoon.
Detector MOTA | IDF1 | MT | PT | ML | FP | FN
TOOD Thermal 0.85 0.92 6 4 1 40 | 81
TOOD RGB 0.51 0.67 3 4 3 | 126 | 268
VENET Thermal 0.82 0.91 8 2 1 43 | 106
VENET RGB 0.34 0.63 5 3 2 337 | 189
(C) Results on the test sequence taken at night.
Detector MOTA | IDF1 | MT | PT | ML | FP | FN
TOOD Thermal 0.67 0.81 14 6 10 | 186 | 608
TOOD RGB 0.69 0.81 14 | 10 6 223 | 585
VENET Thermal 0.59 0.77 16 3 11 | 252 | 748
VENET RGB 0.52 0.74 16 7 7 | 697 | 533

(D) Overall results across the three testing sequences.

TABLE 3.3: Overall ByteTrack with dynamic cut-off results on
the 3 sequences of our City Scene RGB-Thermal MOT dataset.

a) First test sequence captured during daytime.

b) Second

test sequence captured during daytime. c) Third test sequence
taken at night. d) Overall performance across all 3 testing se-

quences.

Detector Overall MOTA without DCC | Overall MOTA with DCC | Improvement
TOOD Thermal 0.58 0.67 9%
TOOD RGB 0.62 0.69 7%
VENET Thermal 0.51 0.59 8%
VENET RGB 0.46 0.52 6%

TABLE 3.4: Comparison of the performance of the trackers be-
fore and after the use of a DCC on our City Scene RGB-Thermal
MOT dataset.
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AWP Xavier
Tood + DCC | VENET + DCC | Tood + DCC | VENET + DCC
Detection Time (ms) 0.05783 0.06197 0.54908 0.58723
Tracking Time (ms) 0.00085 0.00085 0.00998 0.00998
Total (ms) 0.05868 0.06282 0.55906 0.59721
Total Frames Per Second 17.04 15.92 1.79 1.67

TABLE 3.5: Benchmarking tracker speed on the AWP machine
and the Jetson Xavier module.

3.3.3 Speed

We benchmark the speed of the proposed trackers in two environments:

¢ A powerful machine with an NVIDIA RTX 3090 GPU, and an Intel Core
i9 - 10900X 3.70 GHz Processor. (Referred to as AWP).

* A lower power edge device, NVIDIA Jetson Xavier, with a 512-core
Volta GPU, and a 8-core ARM v8.2 64-bit Processor. (Referred to as

Xavier).

The results are given in Table 3.5. Since the tracking process is indepen-
dent from the detection process, and the tracking association runs on CPU
while the detector inference runs on the GPU, the latency of the tracking pro-

cess is constant.

3.3.4 Limitations and Failure Cases

As elaborated in Section 3.3.2, the thermal trackers perform poorly under
conditions where there are different intensities of sunlight in the thermal
sensor’s field of view. We also discuss the limitations of the RGB trackers
at night. In addition, we notice that there is a noticeable number of incorrect
annotations in the FLIR ADAS dataset, on which we heavily rely for the train-
ing of our detectors. There are several instances where pedestrians present
in an image are not annotated. This would cause a problem during training

when a large number of objects predicted as pedestrians by the model do not
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FIGURE 3.4: Samples showing missing annotations from the

FLIR ADAS Dataset. Green rectangles represent ground truth

boxes, red rectangles represent detected boxes, orange arrows

point to instances where a pedestrian is detected by a model
but no ground truth annotation exists.

have corresponding ground truth annotations, causing the model to train on
considering them negatives when they are actually true positives. Similarly,
when evaluating the model, several false positives are actually true positives,
which would negatively affect the precision and recall values. We randomly
sample 100 testing images from the ADAS Thermal dataset, and found that
6 of them have annotation faults (2 of which are shown in Figure 3.4. This
should also be taken into consideration when analyzing the precision-recall

curves of the models.

Since our dataset covers an urban scene using a fixed sensor setup, and
captures far away objects, it is mostly suited for urban surveillance tasks.
The system is not expected to perform reliably in setups that are significantly

different such as self-driving cars or pedestrian crossings.

3.4 Conclusion

In this chapter, we conducted empirical studies to analyze the feasibility of
using thermal sensors for multiple object detection and tracking. We train

two state-of-the-art object detectors on the RGB and thermal variations of
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the FLIR ADAS dataset, and study the efficacy of transfer learning when ap-
plied to training a detector on a dataset from a different spectrum than the

initial weights.

We show the superiority of detectors trained on thermal images com-
pared to those trained on RGB images, especially under poor lighting con-
ditions. We also show that transfer learning is more effective when used to
train a detector on a dataset from the same spectrum as the initial weights.
We introduce the use of a dynamic confidence cut-off, which factors the size
of a predicted box, as an enhancement to the motion similarity association of
tracking-by-detection based MOT, and show that it improves the accuracy of

the tracker.

We have highlighted the limitations of trackers operating on RGB images
under poor lighting conditions, and the limitations of trackers operating on
thermal images when the thermal sensor field of view is covering areas of

significantly different sunlight intensities.

Our experiments and analysis clearly highlight the importance of sensor
tusion, especially in critical systems like ADAS. Each type of sensor is op-
timal under certain conditions and has limitations under other conditions.
Being able to combine data sources from different spectrums significantly

enhances the perception ability of an autonomous system.
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Chapter 4

Enhanced RGB-Thermal Sensor

Fusion for Robust Perception

In this chapter, we provide details about the work we have conducted on
comparing different methods for RGB-Thermal sensor fusion. We elaborate
on our work on introducing a novel sigmoid-activated gating mechanism to
enhance RGB-Thermal early fusion methods. This work was published in
a specialized workshop on Perception Beyond the Visible Spectrum, part of

the Computer Vision and Pattern Recognition conference in 2023.

41 Introduction

The rapid advancement of machine learning models in the realm of com-
puter vision has ignited growing interest and concerted efforts in deploying
these systems in practical, real-world settings. Ensuring these systems de-
liver consistent and dependable performance across a wide range of lighting
and weather conditions is essential for successful deployment. To address
this challenge, machine vision systems have increasingly started incorporat-

ing various types of sensors to mitigate the limitations of individual sensors.
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In recent years, thermal imaging has taken center stage in terms of de-
velopment and innovation. The heightened interest in thermal imaging can
be attributed to several key factors. Thermal imaging demonstrates remark-
able resilience when faced with diverse and challenging weather and light-
ing conditions. Unlike traditional visible light cameras, which may struggle
in low-light settings, be affected by harsh glare, or become ineffective in to-
tal darkness, thermal imaging systems remain highly functional and reliable
under such adverse conditions. This resilience is particularly critical for ap-
plications that demand continuous surveillance and object tracking, such as
security, search and rescue operations [104, 50, 22, 51, 94], and autonomous

navigation systems.

Another significant driver behind the rapid progress of thermal imag-
ing is the substantial reduction in production costs. Recent technological
advancements, coupled with economies of scale, have resulted in more af-
fordable thermal imaging solutions. This increased cost-effectiveness has
expanded the accessibility of thermal cameras to a broader range of appli-
cations and industries, including industrial automation, firefighting, wildlife

monitoring, and automotive safety.

The rapid evolution of machine learning models, computer vision tech-
niques, and sensor technology has increased interest in robust and versatile
machine vision systems. To achieve consistent performance in diverse envi-
ronmental conditions, the integration of different sensor modalities has be-
come a standard approach. Among these modalities, thermal imaging has
emerged as a prominent choice due to its ability to excel in challenging sce-
narios. This development represents a significant milestone in the evolution

of machine vision systems tailored for real-world applications.
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In this chapter, we study the performance of different RGB-Thermal fu-
sion methods in the task of object detection, and introduce a new RGB-Thermal
fusion approach that enhances the performance in object detection. We con-
duct our experiments on an enhanced version of the City Scene RGB-Thermal
MOT Dataset where we register the RGB and corresponding thermal images
in order to conduct fusion experiments. The improved version of the dataset,

our trained models, and source code were made publicly available.

4.1.1 2D Object Detection

Deep CNNSs have achieved impressive results in 2D object detection [12, 38,
71,59, 25, 111, 112] - the task of classifying and predicting the location of
objects in a scene - which has been used for applications such as face detec-
tion [41] and autonomous driving [18, 117, 10, 37]. In addition, object detec-
tion is often the first step in other computer vision tasks like MOT [120, 129].
Deep learning-based object detection models are most often trained to de-
tect objects on frames from RGB cameras rather than other types of sensors.
Thermal sensors prove to be more robust than RGB cameras in some sce-
narios [27, 106], particularly in low-light settings such as night-time assisted
driving. The performance of systems relying on thermal and RGB sensors
can be improved through sensor fusion, which should increase a network’s
performance by improving the quality of the input information, leveraging

the important features from both sensors.

4.1.2 Computer Vision Systems

Deep learning has played a pivotal role in driving significant advancements
in various machine vision applications, ranging from the development of ad-

vanced perception modules to the creation of intelligent monitoring systems
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and the realization of autonomous vehicles [87]. These groundbreaking sys-
tems heavily rely on the seamless integration of data from a diverse array
of sensors, such as lidar, radar, RGB cameras, depth sensors, thermal sen-
sors, and more, to achieve a comprehensive and detailed understanding of
the surrounding environment. The fusion of data from these sensors is then
processed by artificial intelligence modules, enabling them to carry out so-

phisticated analyses and make pivotal decisions.

One of the key and indispensable tasks within this context is the precise
detection and tracking of multiple objects. This capability is paramount as
it enables the system to pinpoint and identify objects of interest, while also
facilitating the anticipation and projection of the trajectories of moving ob-
jects. Through this robust combination of sensory data integration, artifi-
cial intelligence, and object detection and tracking, deep learning has pro-
pelled machine vision systems to new heights of accuracy and effectiveness,
thereby enhancing their potential for a wide range of applications, including
autonomous transportation [86, 16, 84, 115, 123], surveillance [31, 55], and

more.

The use of thermal sensors in machine vision is becoming more popular
[52, 23] as they offer a powerful perception of the thermal identities of objects
in a scene. They are also suitable for outdoor applications as thermal sensors
operate normally at night and are not significantly affected by poor weather

conditions [107].

4.1.3 Chapter Contributions

Due to the aforementioned importance of object detection as a core computer

vision task, we study in this chapter the efficacy of thermal-RGB fusion. The
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main contributions of the work discussed in this chapter are summarized

below:

* We improve the City Scene RGB-Thermal MOT Dataset by registering
the RGB and thermal images so that it can be used for RGB-thermal

fusion experiments.

* We compare the performance of object detectors using different back-

bones, with and without the utilization of existing fusion operations.

¢ We introduce a novel fusion approach for RGB and thermal images that
shows better performance than different existing fusion approaches for

the task of 2D object detection.

4.2 Enhancing Our City Scene Dataset

We conduct our experiments on the City Scene RGB-Thermal MOT Dataset [27].
The dataset is composed of thermal and RGB images collected through two
different sensors mounted on a fixed support. During data collection, the
sensors were static and aimed at a city intersection. Cars and pedestrians

were annotated up to a distance of 300m and 100m respectively.

The collected data contains sequences taken during different times of the
day (morning, afternoon, and night) making it ideal for experimenting the ef-
ficacy of different sensor fusion approaches under different conditions. How-
ever, even though the sensors are fixed close to each other, the captured im-
ages were not registered and had different resolutions. In order to conduct
fusion experiments, the collected RGB and corresponding thermal images

needed to be aligned to be in the same coordinate system.
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To achieve this, we utilize an ORB feature extractor [99] to extract 5000
features from the thermal image and the corresponding RGB image (after
being converted to grayscale). We then take the top 90% matched features
(with the lowest hamming distance) and find the homography between the
two images using the RANSAC algorithm [30] running for 10000 iterations.
Calculating the homography matrix is not guaranteed to be accurate from
one pair of thermal-RGB images. However, since the cameras and support
are fixed, it is enough for the homography to be accurate for only one pair of
thermal-RGB images, and then this calculated homography can be applied

to all images in the dataset.

It is important to note that registering the thermal /RGB pair using this
method is possible because all of the annotated objects (vehicles and pedes-
trians) are all rather far from the capturing system. This means that one ho-
mography can accurately transform the object coordinates from the RGB do-
main to the thermal domain. If the annotated objects were at considerably
different distances from the capturing system, it would have been difficult
for one homography to be reliable for all objects. The accuracy of the homog-

raphy was visually verified on all the RGB sequences of the captured dataset.

As a result of this transformation, both thermal and RGB images in the
enhanced dataset have the same resolution of 500 x 425, and share the same
annotation file. This contribution allows for thermal-RGB sensor fusion ex-
periments to be conducted and simplifies multi-modal training of object de-

tection and MOT algorithms.

Figures 4.1,4.2, and 4.3 respectively show the original unregistered dataset
samples, the matched keypoints using ORB [99], and the resulting registered

dataset samples after applying the transformation homography.
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FIGURE 4.1: Original RGB and corresponding thermal images
from the City Scene RGB-Thermal MOT Dataset. The original
images are unregistered and have different resolutions.

FIGURE 4.2: Matched keypoints between the RGB and thermal

images using the ORB feature extractor [99]. The green lines

represent the matched keypoints between the RGB and thermal
images.

4.3 RGB-T Fusion Experiments

4.3.1 Architectural Overview

The architecture of our RGB-T fusion framework consists of (1) a data pre-
processing module, (2) a backbone network, and (3) an object detector. The
data preprocessing module loads the registered frames from the City Scene
dataset. Each frame contains a pair of images: an RGB image and a thermal

image. We compare the performance of fusion experiments to two different
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FIGURE 4.3: Registered Thermal and RGB images after apply-

ing the transformation homography to the RGB image. The la-

belled objects in red are ground truth annotations labelled on
the thermal images.

baseline models. The first baseline model uses RGB-only input. The sec-
ond baseline uses thermal-only input. Other experiments perform a fusion
operation on both modalities before proceeding to the next step. This type
of fusion is denoted as early fusion and is applied before feature extraction.
Moreover, the data preprocessing module standardizes the input images be-

fore feeding them to the backbone network.

The second component is the backbone network, which performs feature
extraction on either its uni-modal or multi-modal input. We experiment us-
ing ResNet-50 [39] and ConvNeXt [78]. Both backbone networks are pre-
trained on the ImageNet [24] dataset. The final component is the detector.

We use TOOD [29] as our single-stage 2D object detector.

4.3.2 Fusion Operators

We aim experimented with our multi-modal detector with two categories of
fusion operators: (1) arithmetic-based and (2) learnable fusion. Arithmetic-
based operations are advantageous in terms of processing speed since they

do not include any learnable weights. Meanwhile, learnable fusion operators
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have processing overhead due to the layers of trainable parameters. That be-
ing said, learnable fusion operators provide an edge over arithmetic-based
fusion when it comes to their learning capacity. This is due to their ability to
capture and learn sophisticated interactions between features from different

input modalities.

Following recent work [79, 92], we use two arithmetic-based operators:
(1) element-wise addition and (2) element-wise multiplication, presented in
Equation 4.1 and Equation 4.2 respectively. Where F represents the fused
feature map, and I represents an input image. To further enrich our set of
experiments, we use two learnable fusion operators: (1) multi-modal factor-
ized bilinear pooling [79] and (2) bilaterally-guided fusion [92], illustrated in
Figure 4.4. We implement the aforementioned fusion operators using convo-
lutional layers in order to keep our architecture fully convolutional. We use
ReLU as the main activation function, a padding value of 1, a kernel size of
3 in all of our convolution operations, and batch normalization. Eucledian
normalization is applied to the fused feature map before it runs through the

feature extractor.

Fadd = Irgb + Lihermal (4.1)

Fonul = Irgb * Lihermal (4.2)

4.3.3 Enhanced Sigmoid Gating

In order to enhance the robustness of fusion operators in multi-modal train-
ing, we introduced a new fusion gating mechanism that relies on the sigmoid
function. The gating mechanism is shown in Equation 4.3. The sigmoid-

based gating mechanism, which is simple yet effective, is designed to learn
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FIGURE 4.4: Left: A diagram illustrating the bilaterally-guided

fusion "BGF" operator [92]. Right: A diagram illustrating the

multi-modal factorized bilinear pooling "MFB" fusion operator

[79]. The input to the fusion operators are the raw modality

stream (RGB or thermal image), and the Fused output is then
processed by the feature extractor.

the significance of each modality on a per-pixel basis before performing the

multi-modal fusion operation.

Gsigmoia = Conve—sc(Sigmoid(Z))
T =1 " Gsigmoid

(4.3)

We illustrate our fusion method through Figure 4.5. The gating mecha-

nism is performed by feeding an input modality Z, either an RGB or thermal
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input, into a sigmoid-activated point-wise convolution operation while pre-
serving the number of channels of the input modality. The resulting sigmoid
gate produces a probability value for each pixel, indicating its importance.
The gate G, is comprised of probability values ranging from 0 to 1, where
a value of 1 indicates a significant pixel and a value of 0 indicates insignifi-
cance. The higher the pixel probability, the higher its significance. Finally, the
probability gate G, is multiplied by the original input via point-wise opera-
tion. The multiplication will result in keeping the values of significant pixels,

but more importantly, diminishing the values of insignificant pixels.

For RGB-thermal fusion, this gating mechanism proves quite effective as
thermal and RGB images are complimentary to each other (Thermal sensors
perceive well at night, while RGB sensors do not. RGB sensors perceive
well when there is little variance between foreground and background, while
thermal sensors do not. etc.). In addition, since there is a 1 : 1 mapping be-
tween RGB pixels and corresponding thermal pixels, the gating mechanism

can reliably learn the significance of each pixel in each modality.

4.4 Experiments

In this section, we present the results of applying both fixed and learnable
fusion operators as an early fusion technique for RGB-T data to perform the
task of 2D object detection. We first provide our detailed experimental setting
in 4.4.1, then we provide a quantitative analysis of early sensor fusion in
4.4.2, followed by reporting results of an enhanced fusion method in 4.4.3.
Moreover, we qualitatively analyze in 4.4.4 the performance of our trained
detectors on a set of chosen scenarios from the City Scene dataset. Lastly, we
provide an analysis of inference time in 4.4.5 by benchmarking our detectors

on three different computing platforms.
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FIGURE 4.5: Proposed sigmoid-gating for early RGB-thermal
fusion.

Object  Backbone  Fusion  Average Precision A from A from
Detector Network Operation Car (APsp) Thermal-only RGB-only
RGB 44.1% -28.6% -
Thermal 72.7% - +28.6%
ADD 74.1% +1.9% +30.0%
TOOD  ResNetS0 —ymr 754% ¥2.7% ¥31.3%
MFB 66.2% -6.5% +22.1%
BGF 74.8% +2.1% +30.7%
RGB 30.1% -38.5% -
Thermal 68.6% - +38.5%
ADD 64.0% -4.6% +33.9%
TOOD - ConvNeXt —ymr 67.7% -0.9% +37.6%
MFB 71.9% +3.3% +41.8%
BGF 70.8% +2.2% +40.7%

TABLE 4.1: Contrasting 2D detection accuracy, i.e. average pre-
cision, of four different early fusion operators.

4.4.1 Experimental Setting

To assess the performance of employing early sensor fusion mechanisms, we
train and evaluate two different models on the City Scene RGB-T dataset
on the task of 2D object detection with a special focus on the ‘Car’ class.

We have chosen to concentrate on the 'Car’ class since pedestrian instances
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are scarce in the dataset, and they have much smaller bounding box sizes
compared to cars. The primary objective of this phase of our research is to
assess the impact of thermal-RGB fusion on enhancing detector performance.
Therefore, we have decided to emphasize the more frequently occurring class
with relatively larger bounding box sizes. This decision aims to mitigate the
challenges associated with the detector learning multiple classes and allows
us to specifically examine the enhancements achieved through thermal-RGB
fusion. The City Scene dataset contains a total of 1968 samples: each sample
corresponds to a registered pair of RGB and thermal images along with their
corresponding 2D annotations. We use a 75/25 split on the dataset, where
1562 samples are used for training and 406 are used for validation.

We perform our experiments using two variants of the TOOD [29] ob-
ject detector, each variant contains a different backbone network, namely;,
ResNet-50 [39] and ConvNeXt [78]. Backbone networks are pre-trained on
ImageNet [24]. We freeze the first stage of ResNet-50 while keeping the re-
maining three stages trainable. We do not freeze any stage in ConvNeXt.
Both variants of TOOD are trained using the SGD optimizer, with an initial
learning rate of 0.01, a momentum of 0.9, and a weight decay of 0.0001. Mod-
els are trained for 12 epochs, and we report the best-performing checkpoint
out of the 12. We use average precision (AP%) with 50% intersection-over-
union as a quantitative metric to assess detection accuracy, along with pro-
viding precision-recall curves. Moreover, we provide a qualitative analysis

of scenes chosen from the City Scene dataset.

4.4.2 Evaluation of Early Sensor Fusion

In Table 4.1, we report the results of training two variants of the TOOD 2D

object detector with four different fusion operators. We focus our results
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analysis on the average precision (AP) as the standard metrics for compar-
ing object detection models. A detection is considered to be correct if it has
50% IOU with a ground truth, it is considered a false positive otherwise. For
extra reference, we provide the precision-recall curves of the detection exper-
iments of TOOD with ConvNext and Resnet50 backbones in figures 4.6 and
4.7 respectively. These fusion operators are grouped into two subcategories:

(1) arithmetic-based fusion operators, and (2) learnable fusion operators.

The arithmetic-based operators are (1) element-wise addition (ADD) and
(2) element-wise multiplication (MUL). The learnable operators are (1) multi-
model factorized bilinear pooling (MFB) and (2) bilaterally-guided fusion
(BGF). We specify two baselines in our comparison: (1) RGB-only and (2)
thermal-only. In each of these baseline models, only one modality is fed to
the detector. The choice of our baseline models helps us find the delta of per-

formance between uni- and multi-modal settings.

We first assess our baselines: RGB-only and thermal-only detectors, which
represent the uni-modal setting. As observed in Table 4.1, thermal-only con-
sistently outperforms RGB-only with a considerable margin when using both
ResNet-50 and ConvNeXt with a delta performance of (4-28.6%) and (+38.5%),
respectively. This finding renders thermal-only a more suitable modality in
the 2D object detection task as thermal data is independent of light and is
prone to extreme light conditions as opposed to RGB sensors. This result
is expected as one-third of the validation set (one of the three validation se-

quences) of the City Scene dataset is taken in poor lighting conditions.

We aim to enhance the performance of the detector by integrating the

data from both modalities. In the first set of fusion experiments, we train and
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evaluate a TOOD [29] 2D object detector with a ResNet-50 [39] backbone net-
work. Applying early-fusion results in a large performance boost compared
to the RGB-only baseline, with a maximum of (4-31.3%) increase for element-
wise multiplication, and a minimum of (+22.1%) increase for multi-modal
factorized bilinear pooling. Furthermore, both arithmetic-based fusion op-
erators outperform the thermal-only baseline, with a (+1.9%) increase for

element-wise addition and (+4-2.7%) increase for element-wise multiplication.

Fusing RGB with thermal with the multi-modal factorized bilinear pool-
ing resultsin a (—6.5%) decrease in the average-precision metric, while bilateral-
guided fusion results in a (+2.1%) increase. With the exception of multi-
modal factorized bilinear pooling, RGB data can contribute to the increase of
the overall performance of an object detector. The best-performing detector
fused both modalities by applying element-wise multiplication to reach an

average precision of 75.4%.

In our second set of fusion experiments, we train and evaluate a TOOD [29]
2D object detector with a ConvNeXt [78] backbone network. Compared to
the RGB-only baseline, all fusion operators are showing large performance
boosts following the same trend of training with ResNet-50. Both arithmetic-
based fusion operators resulted in decreased performance when compared
to the thermal-only baseline. However, multi-modal bilinear fusion and bi-
lateral guided fusion both showed a performance increase of (+3.3%) and
(4+2.2%), respectively, showing the superiority of learning-based fusion op-
erators. Multi-modal bilinear fusion helped the best-performing detector to

achieve 71.p% average precision.

In Figures 4.6 and 4.7, we plot the precision-recall curves for all fusion

operators, when using ConvNext and Resnet50 respectively as backbones
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for the TOOD detector. Consistent trends are observed with the superiority

of fusion operators to both baselines in the majority of experiments.

4.4.3 Evaluation of Sigmoid Gating

In Table 4.2, we demonstrate the performance of the enhanced sigmoid gates
that are incorporated with the already proposed fusion operators. Sigmoid
gates show significant improvements when added to the TOOD ResNet-50
experiments, as both learnable fusion operators, namely multi-modal factor-
ized bilinear pooling and bilateral guided fusion, with staggering (+9%) and

(+5%) increases in detection accuracy, respectively.

Meanwhile, the sigmoid gates have shown less impact on arithmetic-
based fusion operators, with a (-2%) decrease for element-wise addition, and
a (+0.5%) increase for element-wise multiplication. After adding the sigmoid
gates to TOOD with the ResNet-50 backbone network, the best-performing
model has changed from element-wise multiplication which scored 75.4%

APs to bilateral-guided fusion, scoring 79.8%, achieving a (+4.4%) increase.

Furthermore, we add the sigmoid gates to the TOOD detector with Con-
vNeXt backbone network. From Table 4.2, we observe an increase of aver-
age precision for both arithmetic-based fusion operators, addition and mul-
tiplication, of (+7.6%) and (+1.8%) respectively. When incorporated with
learnable fusion operators, sigmoid gates results in a slight decrease in aver-
age precision for both multi-modal factorized pooling (-0.2%) and bilateral-
guided fusion (-0.7%). To conclude this analysis, we note the importance
of carefully selecting the appropriate fusion operators when using sigmoid
gates in multi-modal sensor fusion. The optimal fusion operator will depend

on the type of feature extractor used, its complexity and learning capacity,
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the type of perception task (classification, detection, segmentation, etc.), and

the nature of the data being processed.

Backbone Fusion Sig. Gates Sig. Gates

Network Op. X v A
ADD  741% 721%  -2.0%
MUL  75.4% 75.9%  +0.5%

ResNetd0 —yer—¢6 59, 752%  +9.0%
BGE  74.8% 79.8%  +5.0%

ADD 64.0% 71.6% +7.6%
MUL 67.7% 69.5% +1.8%
MFB 71.9% 71.7% -0.2%
BGF 70.8% 70.1% -0.7%

ConvNeXt

TABLE 4.2: Demonstrating the performance boost that results

from adding the sigmoid gated mechanism to the fusion op-

erators. The experiments are conducted on the TOOD object

detector with two different backbone networks. Experiments
are compared based on their average precision (APs5).

4.4.4 Qualitative Analysis

In this subsection, we aim to showcase and qualitatively analyze the perfor-
mance of the fusion operators. We put RGB and thermal images side-by-side
and visualize the bounding boxes on top of them. We visualize groundtruth
bounding boxes with a green color and the predictions with a red color. We
filter all bounding boxes with a minimum area of 150 pixels to simplify the
visualization. Also, we apply a minimum detection confidence score of 40%
for all detectors.

In Figure 4.8, we choose a sample day frame from our City Scene [27]
dataset. Our first baseline, RGB-only, does not perform well on this frame,
predicting only two true positives out of five cars, as well as predicting one
false positive. This performance reflects the detection accuracy in Table 4.1
and Figure 4.6. Our second baseline, thermal-only, performs slightly better,
by predicting three out of five cars. Fusing both modalities using the bilinear-

guided fusion results in detecting all five cars in this frame. Moreover, when
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observing the confidence scores of all three detectors, we find that the fusion-
based detector produces the most confident bounding boxes, as four out of
the five bounding boxes have a confidence over 90%.

We also choose a night frame from the City Scene dataset and visualize
the results in Figure 4.9. Our first baseline, RGB-only, does not perform well
by predicting three cars out of six in addition to one false positive. Our sec-
ond baseline, thermal-only, detects all six, but with relatively low confidence
scores. The use of bilinear-guided fusion results in the detection of all six cars
in this frame, with all detections having confidence scores above 90%. This
highlights the effectiveness of multi-modal training to leverage the strengths

of multiple sensors which produces more accurate and confident detections.

4.4.5 Inference Time and Benchmarking

In order to study the computational cost of the different fusion operations
and the proposed enhanced gating method, we benchmark the inference
speed of TOOD with ResNet50 and ConvNext backbones when applying the
different fusion operations. The benchmarking experiments were conducted

on three different computing platforms:

* Goose: Powerful computing machine equipped with an NVIDIA RTX
3090 GPU (10496 cores).

¢ Xavier: NVIDIA Jetson Xavier edge computing platform (512-Core Volta
GPU).

¢ TX2: NVIDIA Jetson TX2 edge computing platform (256-Core Pascal
GPU).
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The benchmarking results are given in table 4.3. The results confirm the

statement that learnable fusion operators (MFB and BGF) have a higher com-

putational requirement and thus higher inference latency than arithmetic fu-

sion operators. However, the results also show that the utilization of our

proposed enhanced sigmoid gating adds negligible overhead to the fusion

operators.
Object Input Goose Xavier X2
Detector Modality s fps s fps s fps
RGB-only 0.06 1746 0.77 129 134 0.74
Thermal-only 0.06 1746 0.77 129 134 0.74
ADD 0.06 1757 0.78 128 1.34 0.74
ADDw/ Gating 0.06 1734 0.78 128 1.35 0.73
MUL 0.06 17.65 0.77 129 134 0.74
TOOD w/ ResNet50 -
MUL w/ Gating 0.06 1734 0.78 128 1.35 0.73
MFB 0.06 16.54 0.82 1.22 1.44 0.69
MFB w/ Gating 0.09 1695 0.84 120 145 0.70
BGF 0.06 1620 095 1.05 1.78 0.56
BGF w/ Gating 0.06 16.05 096 1.14 1.81 0.55
RGB-only 0.06 16.18 0.89 1.12 1.62 0.62
Thermal-only 0.06 16.18 0.89 1.12 1.62 0.62
ADD 0.06 1629 0.89 1.12 1.62 0.62
ADD w/ Gating 0.06 15.53 090 1.11 1.65 0.60
MUL 0.06 15.88 0.89 1.12 1.63 0.61
TOOD w/ ConvNeXt -
MUL w/ Gating 0.06 1553 090 1.11 1.63 0.61
MFB 0.06 1551 094 1.06 1.73 0.58
MFB w/ Gating 0.07 14.99 095 1.05 1.75 0.57
BGF 0.07 1494 1.07 094 206 049
BGF w/ Gating 0.07 1443 1.08 093 2.09 048

TABLE 4.3: Inference time and benchmarking results on
NVIDIA GeForce RTX 3090, Jetson Xavier, and Jetson TX2. The
reported results include inference time in seconds (s) and the

total number of frames-per-second (fps).
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4,5 Conclusion

In this chapter, we presented an investigation into RGB-Thermal sensor fu-
sion for the task of 2D object detection. We highlighted the significance of
thermal imaging in machine vision, particularly in challenging environmen-
tal conditions, and highlighted the increased affordability of thermal sensors.
Our experiments were conducted on the enhanced City Scene RGB-Thermal
MOT Dataset, where RGB and thermal images were registered to enable fu-

sion experiments.

We evaluated various fusion methods, including arithmetic-based and
learnable fusion operators, using two different backbone networks, ResNet-
50 and ConvNeXt. The results showed that thermal-only detectors consis-
tently outperformed RGB-only detectors, emphasizing the robustness of ther-
mal data in diverse lighting conditions. Furthermore, we demonstrated that
early fusion of RGB and thermal data can lead to substantial performance
improvements, with the best-performing fusion method achieving an aver-

age precision of 79.8%.

To enhance the fusion process, we introduced an innovative sigmoid-
activated gating mechanism that learns the importance of every pixel in each
modality. This mechanism proved effective when combined with different

fusion operators.
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as a backbone network. All plots aim to contrast the detection

accuracy of fusion operators versus baseline models (RGB-only
and thermal-only).
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FIGURE 4.8: A day frame from the City Scene [27] dataset. The
frame is fed into both baselines (RGB-only and thermal-only)
as well as a fusion method (BGF). Green boxes correspond to
the groundtruth. Red boxes correspond to predictions. Each
bounding box has an index from 0 to N. Confidence scores (%)
of bounding boxes are positioned to the left of each box’s index.



Chapter 4. Enhanced RGB-Thermal Sensor Fusion for Robust Perception 76

0% 5%
RGB-onIy 1 419%
2: 417 §

FIGURE 4.9: A night frame from City Scene [27] dataset. The
frame is fed into both baselines (RGB-only and thermal-only)
as well as a fusion method (BGF). Green boxes correspond to
the groundtruth. Red boxes correspond to predictions. Each
bounding box has an index from 0 to N. Confidence scores (%)
of bounding boxes are positioned to the left of each box’s index.
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Chapter 5

Development of Thermal MOT
Model

In this chapter, we discuss the work we have conducted on enhancing the
performance of MOT models that operate in the thermal spectrum by utiliz-
ing the unique characteristics of thermal images. One of the main contribu-
tions of this chapter is the introduction of a new dataset of RGB and corre-
sponding thermal images annotated for MOT. This differs from the dataset
from previous chapters in that this dataset is larger in size, with more sophis-
ticated scenes. We believe this dataset will prove to be a valuable resource

for researchers working in the fields of MOT and thermal vision perception.

5.1 Introduction

Thermal cameras have proven to be robust perception sensors that operate
reliably under different weather and lighting conditions for various tasks in
computer vision such as detection [67, 53, 2, 13] and tracking [110, 46, 56].
This characteristic of thermal cameras allows vision systems utilizing ther-
mal sensors to utilize the unique thermal characteristics of objects for more

robust and reliable performance.
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For example, all humans visible in a scene will have roughly the same
skin temperature, and consequently similar thermal appearance, regardless
of their skin color, their body shapes, and postures. The thermal signatures
captured by thermal cameras also allow perception systems to exploit the
natural physical characteristics of objects. For example, wood naturally cap-
tures and preserves less heat than metal, and this natural difference could be

captured using thermal sensors.

This chapter elaborates on the work we have done for utilizing the unique
features and characteristics of thermal data for enhanced and more reliable
tracking. While existing two-stage tracking models [130, 14] are capable of
running on thermal images, they do not utilize the thermal identity of the
objects. They operate on detected bounding boxes (predicted through a de-
tector trained on thermal images), while utilizing the same box-association

methods utilized in RGB tracking.

5.1.1 Two-Stage Multiple Object Trackers

Two-stage MOT models have proven to be more versatile and accurate than
one-stage trackers [130, 14]. Two-stage trackers split the tracking task to two

separate components:

¢ First component - Box detection: Use an object detector to localize ob-
jects of interest in a frame. The object detector can be deep-learning
based, or a traditional CV algorithm as long as it is capable of out-
putting bounding boxes, confidence scores, and corresponding classes
in a specific format. At this step, the object detector operates strictly on
a per-frame bases where it is not responsible for predicting and main-

taining identities of the detected objects across frames.
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* Second component - Box association: In this step, a certain algorithm /model
is utilized to match boxes predicted in a frame to boxes predicted in the
previous frame to maintain object IDs across consecutive frames. This
component receives as input the set of detections output by the object
detector for the current frame, and matches them with "tracklets" - se-
ries of detected bounding boxes of objects detected in previous frames.

For example, if we are doing MOT of pedestrians, every pedestrian will
ideally have one tracklet, which is the set of bounding boxes predicted
by the object detector for this particular pedestrian across all frames

where this pedestrian was visible.

The two-stage approach means that any object detector can be used with
any box association algorithm to conduct MOT. This makes the two-stage
approaches more versatile and suitable for real-world applications. This is
a challenge in one-stage trackers that utilize deep-learning models as the
model would have to tune its weights to optimize its performance for both

detection and association, leading to a degradation in performance [130].

Most two-stage MOT solutions utilize motion association as the main cri-
teria when conducting box association where a Kalman filter [45] is used to
predict the locations of objects in the next frame, and then calculate the IOU
between the detected bounding boxes and the Kalman-filter predicted boxes
to match the boxes across frames. One main advantage of motion associa-
tion is that the algorithm can be utilized in systems using any type of sensor
(visible and non-visible). Regardless of the sensor modality, as long as it is

possible to predict bounding boxes, it would be possible to conduct tracking.

However, strictly relying on motion association does have an important
drawback that is not utilizing the unique characteristics of sensory data. For

example, pixel proximities and distance information could be valuable for
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conducting box association in lidar or 3D camera data. In our work, we
show that utilizing the thermal identity of the objects in the tracklet asso-
ciation step in two-stage trackers can lead to more accurate box association.
Instead of strictly relying on motion association, we devise a box association
algorithm that utilizes both motion information and thermal identity of ob-

jects.

The utilization of thermal signatures within the cost matrix will also assist
in dealing with occlusion - one of the most challenging problems in MOT.
When a pedestrian is barely visible in an occluded scene, they are less likely
to present visual features that allow detectors operating in the RGB spectrum
to localize them. Whereas in the thermal spectrum, even a few pixels of a
human head or face would present strong thermal features and temperature
variance, allowing for a more reliable detection. Figure 5.1 shows an example

of how intra-class occlusion is presented in thermal images.

FIGURE 5.1: Sample occlusion case from our collected dataset
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5.2 Implementation details

We rely on the use of two tools developed by the Multimedia Laboratory, the

Chinese University of Hong Kong under the OpenMMLab project.

521 OpenMMLab

OpenMMLab is a comprehensive, open-source project that aims to simplify
the development and implementation of computer vision research tools. It
is a project initiated by the Multimedia Laboratory, the Chinese University
of Hong Kong, aiming to provide a platform where researchers and devel-
opers can access high-quality, well-maintained codebases for various tasks
such as object detection and tracking. The ecosystem is popular among re-
searchers for its flexibility, extensibility, and user-friendly interface, allowing

researchers to integrate and deploy state-of-the-art models seamlessly.

MMDetection [17]

MMDetection is one of the most well-known projects under the OpenMMLab
initiative. It is a python-based open-source toolbox designed to accelerate the
development of object detection models. It contains an extensive collection
of pre-trained models, frameworks, and algorithms such as Faster R-CNN
[96], Mask R-CNN [38], and YOLOv4 [111]. MMDetection is characterized
by its modular design, facilitating easier adaptation and customization. Re-
searchers and developers can leverage this toolbox to conduct experiments
with high reproducibility, simplifying the process of implementing, training,

and testing detection models.

MMTracking [20]

MMTracking, another project within the OpenMMLab ecosystem, focuses

on multiple object tracking (MOT). It provides a rich set of resources and



Chapter 5. Development of Thermal MOT Model 82

tools aimed at enhancing the efficiency and reliability of developing and
implementing tracking algorithms. MMTracking supports various tracking
paradigms such as single object tracking (SOT) and multi-object tracking
(MOT), offering a versatile platform for researchers exploring different track-

ing domains.

5.2.2 Data Collection

We utilize the same FLIR ADK thermal sensor and a JAI GO-5100C RGB
sensor for the collection of the new dataset. The specifications of both sensors
were given in tables 2.1 and 2.2 respectively.

A dataset was collected on 5 different intersections around the University
of Ottawa campus in public spaces (Figure 5.2). The dataset was then anno-
tated for multiple object detection and tracking. We refer to this dataset as
the RGB-Thermal MOT dataset. As the dataset contains instances of pedes-
trians at varying distances from the capturing system, it was not possible to

register them. As such, each modality was annotated separately.
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E

FIGURE 5.2: RGB and corresponding thermal images of the
RGB-Thermal MOT dataset.
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Thermal RGB
Total number of annotated sequences | 30 (1 minute each) | 30 (1 minute each)
Capture frame rate 5 5
Total frames per sequence 300 300
Total number of annotations 58,590 50,400
Average annotations per image 6.51 5.6
. . Train: 24 Train: 24
Train/Test split Test: 6 Test: 6
. . Train: 313 Train: 284
Total unique tracks Train/Test Test: 126 Test: 116

TABLE 5.1: RGB-Thermal MOT dataset statistics.

To the best of our knowledge, this is the world’s first large-scale dataset

of RGB and corresponding thermal images annotated for MOT. We believe

that this dataset will prove to be a valuable resource for research and devel-

opment for both thermal and RGB MOT research. Some relevant statistics

related to the dataset are given in table 5.1.

5.2.3 Training Object Detection Models for two-stage MOT

As we did in chapter 3, we fine tune the TOOD object detector [29] on im-

ages from the newly collected RGB-Thermal MOT dataset. We use the Open-

MMlab mmdetection framework [17] for training the object detector. The

outcome of this training is two models:

¢ TOOD model initialized with Imagenet weights and fine tuned on RGB

images of the RGB-Thermal MOT dataset.

¢ TOOD model initialized with Imagenet weights and fine tuned on Ther-

mal images of the RGB-Thermal MOT dataset.
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5.2.4 Benchmarking ByteTrack and OCSORT on the RGB-
Thermal MOT dataset

We use the OpenMMlab mmtracking framework [20] to benchmark SOTA
MOT models [130, 14] on both the RGB and Thermal sequences of the RGB-
Thermal MOT dataset. The corresponding Thermal /RGB detectors trained

in the previous step (5.2.3) were used as backbones for the trackers.

We optimize the hyperparameters of both ByteTrack and OCSORT to max-
imize their MOT metrics (specifically MOTA and IDF1) when using their
standard implementations. This step is crucial to ensure a fair comparison
of our innovative box association approach against the highest achievable

performance of each of those two trackers.

Furthermore, we conduct a performance evaluation of ByteTrack and OC-
SORT on the RGB sequences within the RGB-Thermal MOT dataset. This
assessment serves as a valuable reference for future users of this recently ac-

quired dataset.

5.2.5 Development of new MOT box association method uti-

lizing thermal information

The standard MOT models do not utilize information specific to thermal im-
ages in their operation as they mostly rely on motion similarity. We devise
a novel thermal box-association method that utilizes both motion similarity

and thermal identity of detected objects. Our approach is detailed below.

Our novel motion-thermal similarity box association is introduced as a
new method for enhancing thermal object tracking. It performs pairwise his-

togram similarity analysis between tracking bounding boxes (track-bboxes)



Chapter 5. Development of Thermal MOT Model 86

and detection bounding boxes (det-bboxes) within a given thermal image
(thermal-img). The goal is to assess the similarity between thermal object
representations in consecutive frames. The function’s output, a thermal sim-
ilarity matrix, is then combined with the standard motion-based similarity
scores, creating a comprehensive similarity matrix that utilizes both thermal

and motion similarity.

Algorithm Details

The detailed steps involved in our algorithm are detailed below:

¢ Initialization: To start the process, we convert PyTorch tensors, track-
bboxes, and det-bboxes, into NumPy arrays. These arrays contain the
spatial coordinates of tracking and detection bounding boxes, respec-

tively.

¢ Similarity Matrix: We create an empty similarity matrix called thermal-
dists. This matrix will store the pairwise similarity values between
tracking and detection bounding boxes, capturing the thermal aspect

of the objects.

¢ Pairwise Histogram Comparison: The core functionality of this func-
tion involves comparing the thermal signatures of objects. For each
pair of track and detection bounding boxes, the following steps are ex-

ecuted:

— Region of Interest Extraction: This function isolates the regions
of interest (ROIs) within the thermal image (thermal-img) based
on the coordinates of the bounding boxes. These ROIs encapsu-
late the unique thermal characteristics of the tracked and detected

objects.
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- Histogram Calculation: Histograms of these ROIs are generated
using the OpenCV function cv2.calcHist. These histograms serve
as concise representations of the thermal intensity distributions

within the regions.

- Histogram Normalization: To ensure that comparisons are robust
and invariant to variations in overall intensity levels, the histograms

are normalized to have values between 0 and 1.

- Histogram Similarity: The similarity between the normalized his-
tograms is computed using the Bhattacharyya coefficient [8]. This
coefficient quantifies the degree of overlap between the thermal in-
tensity distributions of the objects. A higher value indicates greater
similarity.

— Normalization of Similarity: The similarity score is rescaled to
fall within the range of [0, 1]. This ensures that it is easily inter-
pretable, with 0 indicating no similarity and 1 indicating perfect
similarity.

- Updating Similarity Matrix: The calculated similarity value is
placed in the thermal-dists matrix, representing the degree of simi-
larity between the corresponding tracking and detection bounding

boxes in the thermal domain.

¢ Integration with Motion Similarity: A weighted average of the mo-
tion similarity matrix produced using the standard MOT algorithms
and the calculated thermal similarity matrix to generate the final com-

prehensive distance matrix.

Algorithm Summary

A summarized explanation of the algorithm is given below:
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Let T = {fy,t, ..., tm} represent the set of track-bboxes predicted by the
tracker Kalman filter, and D = {dy,d, ..., d, } represent the set of det-bboxes

predicted by the object detector within a given thermal image, denoted as

Ithermal-

Initialization
T,D <~ numpy(T,D) // Convert to NumPy arrays (5.1)

Similarity Matrix
Define Siermq @s an m X n matrix, where each element s;; represents the ther-

mal similarity between t; and d;.

Sthermal < Zeroes(m,n) (5.2)

Pairwise Histogram Comparison
For each t; in T and d]- in D, the regions of interest, denoted as ROI;, and
ROId],, are extracted from Iy, using the x, y, width, and height of every t;
and d;. Histograms, H;, and Hd]., are then calculated and normalized to Ht,-
and I:Id]..

Integration with Motion Similarity
Let S,0tion be the motion-based similarity matrix between track-bboxes and
det-bboxes obtained using standard MOT algorithms, then the final compre-

hensive distance matrix, Scomp, is calculated as:

Scomp = & Spuotion + (1 — &)  Sthermal (5.3)

where « is a weighting factor balancing motion and thermal similarities.
The utilization of a weighted sum allows us to study the effect of the incre-

mental integration of thermal signatures in the similarity matrix, as shown
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in Figures 5.3 and 5.4.

The pseudo-code of the function is given in Algorithm 1

Algorithm 1: Novel thermal box-association method leveraging

both motion and thermal similarities.
Data: T, D, Ithermal

Result: Scomp

Jury

Convert T, D to NumPy arrays

N

Initialize Syepma as Zeroes(m, n)

»

foreacht;in T do

4 for each dj in D do

5 Extract ROI;, ROId]. from Iyjepp, using bounding box
coordinates

6 Calculate and normalize histograms Ht,-, Hd],

7 Compute s;; using cv2.HISTCMP_BHATTACHARYYA
method and update Syerpa[i, j] with s;;

8 end

9 end

10 CompU-te Scomp = & - Syotion + (1 - 0‘) * Sthermal

5.3 Results and Analysis

5.3.1 Comparing MOT models running on RGB against Ther-

mal images

The benchmarking results of running the standard implementations of Byte-

Track and OCSORT are given in table 5.2.
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IDF1 | IDP | IDR | Rcll | Pren | MOTA | MOTP
seq54_rgb | 67.8% | 69.3% | 66.4% | 75.4% | 78.7% | 53.1% | 0.133
seql7_rgb | 64.6% | 71.8% | 58.8% | 78.1% | 95.3% | 68.9% | 0.150
seq2_rgb | 56.8% | 67.1% | 49.3% | 68.6% | 93.4% | 62.1% | 0.177
seq66_rgb | 71.1% | 72.5% | 69.8% | 92.6% | 96.2% | 88.0% | 0.129
seq47_rgb | 58.7% | 72.6% | 49.3% | 64.6% | 95.1% | 59.6% | 0.163
seq22_rgb | 87.2% | 93.8% | 81.4% | 82.2% | 94.8% | 77.0% | 0.115
OVERALL | 63.6% | 72.5% | 56.7% | 72.4% | 92.7% | 64.7% | 0.152

IDF1 | IDP | IDR | Rcll | Pren | MOTA | MOTP
seq54_rgb | 58.3% | 55.7% | 61.0% | 78.0% | 71.2% | 42.9% | 0.140
seql7_rgb | 55.2% | 55.1% | 55.3% | 84.5% | 84.1% | 58.3% | 0.161
seq2_rgb | 46.6% | 49.7% | 43.9% | 70.3% | 79.6% | 48.9% | 0.179
seq66_rgb | 67.0% | 59.6% | 76.5% | 93.5% | 72.9% | 57.4% | 0.131
seq47_rgb | 53.6% | 60.1% | 48.3% | 69.6% | 86.7% | 53.9% | 0.176
seq22_rgb | 82.5% | 82.8% | 82.2% | 86.8% | 87.4% | 70.4% | 0.125
OVERALL | 56.8% | 58.6% | 55.1% | 76.3% | 81.0% | 53.7% | 0.160

TABLE 5.2: Results of benchmarking Bytetrack on the RGB val-
idation sequence using standard implementations of Bytetrack
(top), and OCSORT (bottom).

5.3.2 Weighted average alpha value selection

In order to accurately find the best alpha-value (Equation 1), that corresponds

to the weight of motion distance matrix and the corresponding weight of

the thermal distance matrix in the comprehensive distance matrix generated

through our approach, we calculate the MOTA and IDF1 generated through

our approach on the validation sequences of the RGB-Thermal MOT dataset.

The results are given in figures 5.3 and 5.4.
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The selected alpha-value for each model should ideally take into account
the best trade-off between MOTA and IDF1. Analyzing figures 5.3 and 5.4,

we can deduce the following:

¢ The overall performance of ByteTrack is proven to be better than OC-
SORT, with the maximum overall MOTA value achieved using Byte-
Track reaching 66.4%, while the maximum overall MOTA achieved us-

ing OCSORT is 56.4%.

¢ Asimilar trend is observable through analyzing the IDF1 values of both
models, as the maximum IDF1 value achieved through ByteTrack is
64.2% while the maximum overall IDF1 value achieved through OC-
SORT is 58.6%.

¢ For ByteTrack, the alpha value with the best trade-off between MOTA
and IDF1 is 0.3, meaning the weight of motion association contribution
to the comprehensive distance matrix is 30%, while that of the thermal
distance matrix is 70%. This shows that ByteTrack benefits significantly

from the thermal similarity matrix.

¢ For OCSORT, the alpha value with the best trade-off between MOTA
and IDF1 is 0.8, meaning the weight of motion association contribution
to the comprehensive distance matrix is 80%, while that of the thermal
distance matrix is 20%. This shows that OCSORT also benefits from the

thermal similarity matrix.

¢ For an alpha value of 0, meaning that only the thermal distance ma-
trix is used for box association, ByteTrack achieves impressive results
with 63.4% overall MOTA and 55.1% overall IDF1, surpassing the best
performance of OCSORT. This shows the clear benefit of using ther-
mal similarity for conducting box association, as it performs reasonably

well even without utilizing motion association at all.
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¢ The choice of which MOT model to use would depend on the nature of

the tracking task and the objects of interest.

60 OCSORT MOTA-IDF1 values corresponding to different values of alpha

55

50

IS
o

IS
o

351

304

—o— MOTA
25 —e— IDF1

0.0 0.2 0.4 0.6 0.8 1.0
alpha

FIGURE 5.3: MOTA and IDF1 values of our proposed box as-

sociation method applied on OCSORT on the validation se-

quences of the RGB-Thermal MOT dataset using different val-
ues of alpha.
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ByteTrack MOTA-IDF1 values corresponding to different values of alpha
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FIGURE 5.4: MOTA and IDF1 values of our proposed box as-

sociation method applied on ByteTrack method on the valida-

tion sequences of the RGB-Thermal MOT dataset using differ-
ent values of alpha.

5.3.3 MOT Metrics Comparison

For evaluating the feasibility of our suggested box association method, we
consider two state-of-the-art MOT models Bytetrack [130] and OCSort [14].
As explained in 2.5, both Bytetrack and OCSort utilize motion association for
the box-association step. The detailed results are given in tables 5.3 and 5.4,

and summarized metrics are given in figures 5.5 and 5.6.
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Analyzing the tables, the following conclusions can be made:

¢ ByteTrack benefits from utilizing thermal information when conduct-
ing box association. With the overall MOTA and IDF1 for the orignal
implementation of ByteTrack being 65.5% and 62.6% respectively, and
those values increasing to 66.4% and 63.8% respectively using our pro-

posed approach.

e A similar trend can be seen with OCSORT, with the overall MOTA and
IDF1 values increasing from 54.4% and 57.8% respectively in the origi-
nal implementation of OCSORT to 56.4% and 58.6% respectively using

our proposed box association method.

The results validate the effectiveness of our proposed model on enhanc-
ing tracking performance, where utilizing thermal similarity proves benefi-

cial for box association when combined with motion similarity.

It is important to note the following when assessing the improvement in

MOT metrics that our method introduces:

* We did not use the pre-set parameters for OCSORT or ByteTrack. In-
stead, we fine tuned the parameters of each MOT model to get the best

MOT metrics for a fair comparison.

e [tis common practice in MOT model implementations to fine-tune the
model hyper-parameters for every validation sequence to achieve the
highest results. In our work, we use one-set of hyper-parameters for all
validation sequences in order to provide a clear insight on the general-

izability of our approach.

The proposed approach combines thermal and motion-based similarity
scores through a weighted average. This fusion method effectively integrates

two sources of information, allowing the system to make decisions based on
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both thermal and motion aspects.

By considering both thermal and motion aspects, the tracking system be-
comes more robust and adaptable. When thermal data indicates a strong
match between objects with similar thermal signatures, the system can pri-
oritize thermal information. Conversely, when motion cues are reliable, they
can take precedence. This adaptability makes the tracking system more re-
sistant to false positives and negatives. In addition, thermal data can assist in
handling occlusions, a common challenge in MOT. When one object obscures
another, thermal signatures may still be distinguishable, allowing the system

to maintain the identity of both objects.
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IDF1 | IDP | IDR | Rcll | Pren | MOTA | MOTP

seq66_thermal | 67.9% | 75.5% | 61.7% | 78.5% | 95.9% | 74.4% | 0.154

seq2_thermal | 51.2% | 69.3% | 40.6% | 56.7% | 96.7% | 52.5% | 0.184

seq47_thermal | 59.1% | 62.2% | 56.4% | 81.5% | 89.9% | 70.1% | 0.170

seql7_thermal | 71.5% | 79.1% | 65.2% | 75.8% | 92.0% | 65.7% | 0.173

seq54_thermal | 63.8% | 65.7% | 62.0% | 77.8% | 82.4% | 59.2% | 0.176

seq22_thermal | 75.4% | 84.9% | 67.9% | 74.4% | 93.0% | 67.3% | 0.163

OVERALL 62.6% | 69.4% | 57.0% | 74.9% | 91.1% | 65.5% | 0.170

IDF1 | IDP | IDR | Rcll | Pren | MOTA | MOTP

seq66_thermal | 68.0% | 74.3% | 62.6% | 80.2% | 95.1% | 75.3% | 0.157

seq2_thermal | 49.3% | 62.4% | 40.8% | 62.0% | 94.9% | 56.3% | 0.194

seq47_thermal | 60.7% | 62.1% | 59.4% | 83.7% | 87.6% | 69.6% | 0.173

seql7_thermal | 71.3% | 77.0% | 66.4% | 77.5% | 89.8% | 64.9% | 0.177

seq54 thermal | 71.4% | 71.5% | 71.3% | 81.2% | 81.4% | 60.9% | 0.183

seq22_thermal | 75.9% | 83.4% | 69.7% | 77.1% | 92.3% | 69.3% | 0.166

OVERALL 63.8% | 68.6% | 59.6% | 77.7% | 89.4% | 66.4% | 0.175

TABLE 5.3: Results of benchmarking Bytetrack on the thermal

validation sequence using Bytetrack standard motion associa-

tion (top), and using our novel thermal-motion box association
method (bottom).
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FIGURE 5.5: Overall comparison of the important MOT metrics
running standard motion box association against our proposed

box association algorithm using ByteTrack.
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IDF1 | IDP | IDR | Rcll | Pren | MOTA | MOTP

seq66_thermal | 74.3% | 77.4% | 71.5% | 82.8% | 89.6% | 70.8% | 0.162

seq2_thermal | 51.7% | 60.4% | 45.2% | 66.3% | 88.8% | 51.3% | 0.197

seq47_thermal | 53.8% | 50.0% | 58.2% | 87.1% | 74.8% | 53.2% | 0.178

eql7 thermal | 60.0% | 59.3% | 60.7% | 82.2% | 80.3% | 55.3% | 0.185

seq54_thermal | 52.6% | 47.4% | 59.1% | 84.3% | 67.7% | 40.1% | 0.187

seq22_thermal | 64.8% | 64.7% | 65.0% | 81.2% | 80.9% | 57.5% | 0.174

OVERALL 57.8% | 56.8% | 58.7% | 81.3% | 78.7% | 54.4% | 0.180

IDF1 | IDP | IDR | Rcll | Pren | MOTA | MOTP

seq66_thermal | 76.0% | 79.1% | 73.1% | 82.8% | 89.6% | 71.7% | 0.162

seq2_thermal | 42.4% | 49.6% | 37.1% | 66.4% | 88.9% | 54.1% | 0.198

seq47_thermal | 56.0% | 52.1% | 60.6% | 87.1% | 74.8% | 54.5% | 0.178

g17 thermal | 63.2% | 62.5% | 64.0% | 82.4% | 80.4% | 58.1% | 0.186

seq54_thermal | 55.2% | 49.8% | 61.9% | 84.3% | 67.7% | 42.4% | 0.187

seq22_thermal | 71.1% | 71.0% | 71.2% | 81.2% | 80.9% | 60.3% | 0.175

OVERALL 58.6% | 57.7% | 59.6% | 81.4% | 78.7% | 56.4% | 0.180

TABLE 5.4: Results of benchmarking OCSort on the thermal

validation sequence using OCSort standard motion associa-

tion (top), and using our novel thermal-motion box association
method (bottom).
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FIGURE 5.6: Overall comparison of the important MOT metrics
running standard motion box association against our proposed
box association algorithm using OCSort.

5.4 Conclusion

In this chapter, we have focused on enhancing the performance of MOT mod-
els operating in the thermal spectrum. Our key contribution lies in the in-
troduction of a new box association mechanism that harnesses both motion
similarity and thermal object identity. This innovative approach enhances
tracking accuracy and robustness by considering not just how objects move

but also their distinct thermal signatures.

In addition, we introduce a new large-scale dataset comprising both RGB
and corresponding thermal images, annotated for pedestrian MOT. We an-
ticipate that this dataset will be an invaluable resource for researchers in the

tields of MOT and thermal vision perception.
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Thermal cameras have emerged as robust perception sensors, unaffected
by diverse weather and lighting conditions. Their unique ability to capture
the inherent thermal characteristics of objects lends them an edge in com-
puter vision tasks such as detection and tracking. We have harnessed this
potential to leverage the unique features and attributes of thermal data to

advance tracking systems.

Our implementation involved the collection of data using a FLIR ADK
thermal sensor and a JAI GO-5100C RGB sensor, yielding the world’s first (to
the best of our knowledge) large-scale RGB-Thermal MOT dataset. We fine-
tuned state-of-the-art object detection models on this dataset, both for RGB
and thermal images. Subsequently, we benchmarked leading MOT models
on the dataset and developed a novel box association method that incorpo-
rates thermal information. This approach considers the thermal and motion
aspects through a weighted average, resulting in a comprehensive similarity

matrix that combines the strengths of both modalities.

The results are compelling. Notably, ByteTrack and OCSort, two state-of-
the-art MOT models, exhibited improved performance when our proposed
box association method was employed. The fusion of thermal and motion-
based similarity scores proved advantageous, making the tracking system
more adaptable, robust to occlusions, and resistant to false positives and neg-

atives.
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Chapter 6

Conclusion and Future Work

Our work in Chapter 3, in addition to the previous work using thermal sen-
sors, prove that thermal data is a rich source of information especially under
poor lighting and weather conditions. They offer distinctive features for ob-
jects in a scene (thermal signature) that could be used for advanced scene
perception. This, in addition to the rapid advancements in machine learn-
ing, and the growing industry of autonomous systems, raise the need for
versatile perception systems that are robust to different lighting and weather
conditions. Specifically for MOT, even though it is a core task in machine
vision with many applications in real-world environments, there hasn’t been

real focus on utilizing thermal sensors for robust MOT.

In this thesis, we explored the potential of thermal sensors in the realm of
computer vision, specifically focusing on multiple object detection and track-
ing. Our investigations led us to uncover the unique advantages of thermal
sensors in challenging lighting and environmental conditions, where tradi-
tional RGB sensors tend to struggle. We have presented empirical evidence
demonstrating the superior performance of thermal sensors in object detec-
tion and tracking tasks, particularly when dealing with scenarios like low

light, glare, and adverse weather.

The contributions of this thesis are threefold. Firstly, we introduced two
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new datasets, the FLIR ADAS Thermal Dataset and the enhanced City Scene
RGB-Thermal MOT Dataset, both designed to facilitate research in thermal

imaging and sensor fusion.

Secondly, we conducted extensive experiments and analysis, revealing
the strengths and limitations of thermal sensors and RGB sensors in various
scenarios. Our research emphasized the importance of sensor fusion, where
combining data from different modalities can significantly enhance the over-
all perception capability of computer vision systems. This was evident in
our findings, as we observed that the fusion of thermal and RGB data con-
sistently outperformed single-modal approaches, particularly in challenging

conditions.

Lastly, we proposed new models and algorithms to improve the perfor-
mance of multiple object tracking in the thermal spectrum. Our innovative
box association mechanism, which incorporates both motion similarity and
thermal object identity, demonstrated enhanced tracking accuracy and ro-
bustness. We introduced a sigmoid-activated gating mechanism to improve
fusion in object detection, showcasing the potential of learning the impor-

tance of pixels in each modality.

Overall, our research has laid the foundation for advancing the field of
thermal computer vision and sensor fusion. The findings and methodolo-
gies presented in this thesis have practical implications for a wide range of
applications, from autonomous vehicles and surveillance systems to robotics
and augmented reality. As we continue to push the boundaries of computer
vision, the integration of thermal sensors and sensor fusion techniques will
play a pivotal role in enhancing the reliability and performance of computer

vision systems in the real world.
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6.1 Key Findings and Contributions

Our research revealed several significant findings and contributions:

* Thermal Sensors for Object Detection: Through extensive empirical
studies, we demonstrated the efficacy of thermal sensors for object de-
tection, especially under challenging lighting conditions. Training ob-
ject detectors on thermal data consistently outperformed those trained

on RGB data in scenarios with poor lighting and adverse weather.

¢ Transfer Learning in Different Spectrums: We investigated the impact
of transfer learning when training detectors on datasets from different
spectrums. Our experiments emphasized that transfer learning is most
effective when applied within the same spectrum as the initial weights,

highlighting the importance of spectral consistency in training.

¢ Dynamic Confidence Cut-off (DCC) Mechanism: We introduced a
novel DCC mechanism to enhance the motion similarity association in
tracking-by-detection based MOT systems. This mechanism, based on
predicted bounding box size, improved tracking accuracy and robust-

ness, particularly in challenging scenarios.

* RGB-Thermal Sensor Fusion: Extending our exploration into sensor
fusion, we conducted in-depth experiments on fusing RGB and ther-
mal data for 2D object detection. Our findings showcased the superior-
ity of early fusion of data from these two modalities, emphasizing the

robustness of thermal data under diverse lighting conditions.

¢ Sigmoid-Activated Gating Mechanism: We introduced a novel gating
mechanism that uses a sigmoid activation function to learn the impor-
tance of each pixel in both RGB and thermal modalities. This mecha-
nism noticeably improves fusion results when combined with different

tusion operators.
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¢ Thermal-Based MOT Enhancement: In the domain of multiple object
tracking, we introduced a novel box association mechanism that lever-
ages both motion similarity and thermal object identity. This innovative
approach enhanced tracking accuracy and robustness by considering

the distinct thermal signatures of objects.

e RGB-Thermal MOT Dataset: To facilitate further research in the field,
we contributed a large-scale RGB-Thermal MOT dataset, annotated for
pedestrian tracking. This dataset is expected to serve as a valuable re-
source for researchers in the areas of MOT and thermal vision percep-

tion.

6.2 Implications

The findings and contributions of this research have several important impli-

cations:

* Sensor Fusion for Enhanced Perception: The study highlights the im-
portance of sensor fusion in computer vision systems. Combining data
from different spectrums, such as RGB and thermal, enhances the ro-
bustness, adaptability, and reliability of autonomous systems, particu-
larly in real-world scenarios with variable lighting and weather condi-
tions. It also highlights the importance of carefully selecting the best
tusion operator depending on the particular model used and applica-

tion domain.

* Practical Applications: The research outcomes have direct implications
for real-world applications, including autonomous vehicles, surveil-
lance systems, and security applications. Leveraging thermal sensors
in these domains can significantly improve the safety and performance

of these systems.
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* Cross-modality Transfer Learning Analysis: Our findings on transfer
learning shed light on the importance of domain consistency in model
training. Understanding the impact of data spectrum on transfer learn-
ing can guide the development of more effective training strategies. We
show that applying cross-modality transfer learning is still effective,

but not as much as intra-modality transfer learning.

6.3 Future Work

This Ph.D. thesis opens avenues for future research in several directions:

¢ Advanced Fusion Methods: Future work can explore more advanced
fusion methods for combining RGB and thermal data, including deep
learning-based approaches that learn optimal fusion strategies. It is
also possible to explore methods like fusion-architecture search, sim-
ilar to neural architecture search where the process of finding the most

efficient fusion operator for a particular task is automated.

¢ Thermal-Only MOT: Investigating and developing multiple object track-
ing systems that operate exclusively in the thermal spectrum can be a
promising direction, leveraging the unique advantages of thermal sen-
sors. Our experiments from Chapter 5 provide promising results for

thermal-only MOT models.

* Real-World Deployments: Evaluating the practical deployment of thermal-
based computer vision systems in real-world applications, such as au-
tonomous vehicles and surveillance networks, is crucial for translating

research advancements into tangible benefits.

In conclusion, this Ph.D. thesis has contributed to advancing the field
of computer vision by exploring the untapped potential of thermal sen-

sors, sensor fusion, and enhanced perception in challenging real-world
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scenarios. The findings and contributions presented here provide valu-
able insights for researchers, engineers, and developers striving to cre-

ate more robust and reliable computer vision systems for the future.
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