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ABSTRACT

VISUAL OBJECT TRACKING IN VIDEOS FROM
LOW-ALTITUDE FLYING UAV’S UNDER OCCLUSION

Aerial imagery from flying unmanned air vehicles has been very important for
many applications such as satellite remote sensing, object detection and tracking. Vi-
sual problems in videos from unmanned air vehicles have higher complexity compared
to videos taken from ground-based sources.Moreover, if the videos are taken from low-
altitude, the visual problems are more severe; thus, processing of such videos is more
challenging. This thesis concentrates on this challenging problem and focuses on target
tracking under occlusion, which occurs when a target becomes invisible due to blocking
by other moving or static objects. First, a new method, named as PFCNN is developed
to track vehicles against most visual problems, except occlusion. PFCNN combines a
particle filer with a convolutional neural network; and this combination creates a pow-
erful method for tracking against most of the visual problems. Computer simulations
verify that PFCNN has superior performance compared to deep learning-based state-
of-the-art methods. Then, PFCNNOcc and final PFCNNOcc,two novel methods, are
developed to achieve robust target tracking, especially against short- and/or long-term
partial and full occlusion. PFCNNOcc architectures also combine convolutional neural
network models with particle filters in order to predict optical flow, occlusion maps,
segmentation masks, and classification scores, as well as the degree of occlusion. They
use the following functions which are proposed in this thesis: 1. Re-Identification, 2.
Occlusion Detector and Calculator, 3. Full Occlusion Dense Search, 4. Merged-Target
Detection. Computer simulations verify that these functions lead the final PFCNNOcc
to the top of the state-of-the-art Siamese network-based methods. A novel synthetic
dataset, named S-UAV, is generated to train and to test the proposed architectures,

and it fills the gap, arisen for such a dataset in the literature.



OZET

ALCAK IRTIFADA UCAN IHA VIDEOLARINDA
ORTUSME ALTINDA GORSEL NESNE TAKIBI

Ucan insansiz hava araclarindan elde edilen hava goriintiileri; uydu uzaktan
algilama, nesne tespiti ve takibi gibi bircok uygulama icin énemli olmugtur. IHAlardan
aliman videolarda karsilagilan gorsel problemler, yere sabitlenmis kaynaklardan alinan
videolara kiyasla daha karmasgiktir. Ayrica, videolar algak irtifadan ¢ekilmigse, gorsel
problemler daha da belirginlesmekte ve bu tiir videolarin iglenmesini daha zor hale ge-
tirmektedir. Bu tez, bu zorlu probleme odaklanmakta ve 6zellikle bir hedefin, hareketli
veya sabit nesneler tarafindan engellenmesi sonucu goriinmez hale gelmesiyle olugan
ortiisme durumlarmda hedef takibine yogunlagmaktadir. Ilk olarak, értisme harici
gorsel problemlere karsi arag takibi yapabilen yeni bir yontem olan PFCNN gelistirilmistir.
PFCNN, parcacik filtrelerini konvoliisyonel sinir aglariyla birlestirerek, goérsel problem-
lere kars: gii¢lii bir takip yontemi olugturmustur. Bilgisayar similasyonlari, PFCNN’in
derin 6grenme tabanli giincel yontemlere kiyasla tistin performansa sahip oldugunu
dogrulamaktadir. Daha sonra, kisa ve/veya uzun siireli kismi ya da tam orttigmelere
kargt dayanikli hedef takibi ger¢eklestirmek amaciyla PFCNNOcc ve nihai PFCNNOcc
isimli iki yeni yontem geligtirilmigtir. PFCNNOcc mimarileri, konvoliisyonel sinir agi
modellerini parcacik filtreleriyle birlestirerek optik akigi, 6rtiigme haritalarini, segmen-
tasyon maskelerini, simiflandirma skorlarini ve ortiigme derecesini tahmin edebilmek-
tedir. Bu mimariler, tez kapsaminda onerilen su islevleri kullanmaktadir: 1.Yeniden
Tanmimlama, Q.Orti'@me Tespit Edici ve Hesaplayici, 3.Tam Ortﬁ@me Yogun Arama,
4.Birlegik Hedef Tespiti. Bilgisayar simiilasyonu, bu islevlerin nihai PFCNNOcc yontemini,
son teknoloji Siyam ag1 tabanl yontemler arasinda en iist seviyeye tagidigini gostermektedir.
Onerilen mimarilerin egitimi ve testi icin S-UAV adli yeni bir sentetik veri kiimesi

olusturularak literatiirde bu tiir bir veri kiimesine duyulan ihtiyac¢ karsilanmigtir.
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1. INTRODUCTION

1.1. Visual Problems in Object Tracking

In recent years, aerial imagery from flying unmanned air vehicles (UAVs) has
been very popular for many applications such as aviation, remote sensing, satellite
remote sensing for traffic data collection, traffic congestion analysis, border protection

and safety, object detection and tracking.

Because of the higher complexity of the visual problems in UAV videos compared
to images taken from ground-based video sources, trackers face performance problems.
Specifically, UAVs have a very large field-of-view (FOV) depending on the optics in front
of the camera, and the observed objects in the scene are usually very small with low
resolution and with less-discriminative features [1]. At ground-based visual systems,
the mutual movement of the camera and the object in the scene is very limited, and
hence this relative motion does not constitute a serious problem during tracking. But
in UAVs, the camera on the UAV, the object on the ground, and the UAV itself can all
be in action, and these mutual motion vectors give rise to challenging visual problems
such as sudden scale, aspect ratio, and viewpoint variations as well as out-of-view and

occlusion problems.

While the effects of these visual problems are increasing in low-altitude UAV
videos, compared to those taken from the UAVs that are flying at high altitudes, the
difficulty in the target tracking problem escalates in low-altitude UAV videos. In high
altitudes, the FOV of the camera on the UAV is very large, and the pixel resolution of
the objects on the scene is very low, hence, the possibility of realizing and detecting
the effects of these visual problems is very small, and sometimes impossible. This is

the main reason why low-altitude aerial images are studied in this thesis.



While the UAV is losing altitude or narrowing down the FOV of its camera, the
scale increases and the size of the object gets larger. The effect of the scale variation
is felt very drastically in low-altitude flying UAVs, and this variation requires robust
model update, sampling and detection mechanisms. Aspect ratio change is the result
of the rotation of the object or the variation in the point of view of the camera. The
problematic part of the aspect ratio change is the orientation variation that directly
affects the lengths of the width and the height of the bounding box. This problem
requires a very precise sampling method that is integrated with a well-trained detection
algorithm, coupled with a robust model update scheme. When the camera moves, the
viewpoint of the tracked object is changed, and its visual model and aspect ratio
are also changed with a large displacement that creates a big motion vector. This
situation creates a series of visual problems that need a very robust sampling method
to be able to cover a large area, depending on the displacement of the object. This
module should be supported by a robust detection method, coupled with a well-trained
model as well as a high-precision model update mechanism. Out-of-view and occlusion
can be considered as the hardest visual problems to tackle, because of the vanishing
parts of the objects during tracking. As a part of the object or itself is being vanished
from the scene or occluded by another object, its visual model changes and undergoes
a serious variation. The drastic change in the visual model requires a very robust
detection method, supported by an occlusion detection and a calculation method to
be able to understand the existence of the occlusion as well as out-of-view problems.
One of the biggest complexities of these problems is detecting the target after its loss
and reappearance. Hence, a re-detection mechanism is required to relocate the object
without the knowledge of the possible future location. In Section 1.2, the occlusion
problem will be elaborated. Other visual problems, such as turbulence or any vibration
at UAV, create deformation in UAV videos, and this situation will cause the model

drift problem, which makes model update a complex task.



1.2. Occlusion Problem

Occlusion in visual object tracking occurs when an object becomes invisible to the
video camera’s line of sight (LOS) due to another moving object or a static background

object positioning itself between the tracked object and the camera.

Occlusion in UAV videos arises when a tracked object becomes partially or fully
invisible to the UAV-mounted camera, often due to obstructions such as bridges, trees,
buildings, parking spots, traffic signs and lights, clouds, or proximity to other objects.
Detecting the occluder and occluded objects is challenging, as UAV datasets (e.g.,
UAV123 [2], DARPA [3]) lack depth information and object altitude data.

To manage occlusion during tracking, occlusion types are categorized as “No
Occlusion”, “Partial Occlusion”, and “Full Occlusion”, as shown in Figure 1.1 [4]. In
this thesis, while “Partial Occlusion” represents the degree of occlusion, between 30%
and 100%, “No Occlusion” and “Full Occlusion” are described as 0% and 100%. The
occlusion is also classified as short and long-term depending on the time duration that
it occurs. Long-term occlusion is harder than the short-term because of the increased
uncertainty that the unknown location, kinematics and size of the target bring into the

tracking problem.

Occlusion is considered one of the most difficult challenges in visual tracking
and is distinct from other visual problems due to its effect on the object’s appearance
model update mechanism. For other visual problems, a very robust appearance update
method is required to keep track of the visual model of the object. The absence of an
adaptive appearance model will lead to a model drift. However, in the presence of a
full occlusion state, the visual model update scheme should be stopped to keep the last
known visual model of the object in the memory. If a partial occlusion is going on,
a different state prediction equation and model update mechanism should be utilized
to keep track of the target. So the presence of the occlusion and the degree of it

bring another question into our minds; How to detect occlusion? The answer to this
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Figure 1.1. Types of occlusion.

question will determine how to approach the occlusion problem. The re-detection
algorithm should be developed to foresee the possibility of occlusion. Another complex
task is re-detecting and re-tracking the object after the occlusion state vanishes, as
the uncertainty region where the target may reappear can vary in size depending on
the object’s last known dynamic motion prior to occlusion. All these challenges make

occlusion the most difficult problem in visual tracking applications.



1.3. Problem Statement

The combination of the other visual problems, mentioned in Section 1.1, with oc-
clusion makes tracking problems in UAV videos a very complicated task. In literature,
the occlusion problem has been approached with different methodologies, compared to
the ones that are used to solve other visual problems [4,5]. However, the occlusion

problem is still an open issue to be solved in computer vision area.

In this thesis, our goal is to design a method that can track a vehicle against all
visual problems, especially occlusion, in low-altitude flying UAV videos. The complex-
ity of the method differs based on the number of visual issues combined in a video. To

create a robust method, we draw a road map with two steps.

First of all, we designed and realized a base algorithm to track vehicles against
visual problems except occlusion. This method is very robust against standard visual
problems; such as scale and aspect ratio variations, high dynamic motion, low reso-
lution, and is generated via a combination of sequential importance resampling (SIR)
particle filter with a convolutional neural network (CNN) model, utilized to extract
features and calculate class scores of sampled objects. We call it PFCNN [6], and the
robust vehicle tracking is achieved by using this structure. This is an important step in
understanding the nature of visual problems before trying to solve occlusion problems.
During rotation and fast motion, the aspect ratio of the vehicle changes abruptly while
the motion vectors of the front and back parts of it show different directions. To be
able to keep track of the diverse movement of the vehicle, PFCNN is based on multi-
part tracking, and these parts represent the equally divided sections of the vehicle. In
this thesis, the number of parts is accepted as 2 because of the average size of vehicles
and their resolution after the division, as well as the algorithmic simplicity. Through
complete integration of the particle filter with the CNN model, the weight update
for each particle is supported by the class probability of the CNN model; as a result,
the integrated structure resembles the APF [7-9]. To improve tracking performance

against rotation and fast motion, this process is individually applied to different parts.



Variations in scale, aspect ratio, and visual model are other problems that need an
online visual model update mechanism. We suggest a reliable technique that rescales
every particle while sampling across the suggested region. The particle linked to the
bounding box with the highest class probability is chosen based on the class probabil-
ities of the sampled bounding boxes, which are determined by the CNN model. Then,
its weight is updated and the state estimation (location, velocity, and dimension) pro-
cess of the particle filter is carried out. Finally, the unification module updates the
reference feature for both parts, determines the ultimate scale parameter (sP) along

both axes, and unifies the final estimates of the parts.

The second step is to design a method, called the PFCNNOcc, which can detect
the presence of occlusion, and the degree of it, to understand whether partial or full
occlusion takes place, besides other visual problems. Since the combination of occlu-
sion with other visual problems exponentially boosts the complexity of tracking. The
proposed method requires a robust algorithm to model both vehicles and background
objects to be able to discriminate them at the pixel level. To separate the vehicle from
the background at the pixel level and to track the vehicle of interest under occlusion,
CNN models, which are designed to find optical flow and occlusion maps, segmentation
masks, and classification scores/features are re-designed, trained, and integrated with
a novel algorithm, proposed in this thesis. While CNN model is trained to find optical
flow vectors and occluded pixels along the forward and backward directions between
consecutive UAV video frames, the segmentation method is taught to segment the

pixels of a vehicle from background pixels for successive frames.

Optical flow vectors and segmentation masks play the key role in marking the
occluded pixels as well as the pixels that will be seen in the next frame. They provide
the exact location and the motion vectors of the vehicles, which are vital for high
precision and successful tracking in UAV videos. Depending on the degree of occlusion
that is detected by a novel occlusion calculator function, the proposed method switches
between different tracking regimes that utilize different state estimation/prediction

methods, visual model update mechanisms, and re-detection approaches as shown in



Figure 1.2. Overall degree of occlusion is named as degOfOccAll, which is tailored to
decide which regime to follow during tracking. A threshold, called TH1, determined
empirically, is tailored to decide if there is a partial occlusion or not. Below this
threshold, it is assumed that no occlusion is present, and the target model is being

updated. The state variables are estimated using a particle filter at the final step.

If degOfOccAll is higher than the so-called threshold, the visual model update
mechanism is stopped, and the state variables are predicted using a random walk model
without particle filter estimation. Depending on the predicted states, main processes,

such as tracking and occlusion detection, are achieved.

If degOfOccALl is calculated as 100 %, meaning that the vehicle is fully occluded,
the visual model update should be stopped because of the disappearance of the target
from the scene. Under this condition, it is vital to sample the region of interest (ROISs)
around the predicted location of the vehicle, calculated using a random walk model
based on the state variables from the previous frame. For each ROI, it is aimed
at finding the best match for the vehicle that is fully occluded or vanished in the
previous frame or frames. The duration between frames where the vehicle is lost
is very important to find the correct target after it emerges again. As long as the
duration increases after it vanishes, the model, the location, and the speed of it can
vary drastically, which can increase the burden for the re-detection or re-identification
schemes. Switching from the full occlusion to the other occlusion regimes (no occlusion
and partial occlusion) requires a very robust re-identification method. The occlusion
regime that is switched from full occlusion depends on the reference features, especially
the number of pixels and the size of the bounding box of the target, updated during
the no occlusion regime before the full occlusion occurs. If a scale variation occurs
during full occlusion, the transition from full occlusion to partial occlusion is also
possible. During full occlusion, the re-identification module initially filters out the
detected contours from the ROI, and does not satisfy the reference features of the
target, updated at the end of each frame if the no occlusion regime is valid. At the

final step, it calculates the confusion scores for each pair of the selected contours from



image pairs by calculating the multiplication of the cosine distance between the RGB
and HSV color features with the Euclidean distance between the estimated state from
the previous iteration and the state estimated/predicted in the present iteration. The
contour pair with the maximum confusion score is the best contour that represents the

tracked target after the occlusion ends.

Hence, deciding the presence and the degree of the occlusion as partial or full
occlusion during vehicle tracking, and switching between these regimes, is very compli-
cated, depending on its duration, and this issue constitutes the main problem in this

thesis.

1.4. Overview of the Proposed System

The proposed system, PFCNNOcc, is designed to achieve a robust target tracking
on low-altitude flying UAVs against all visual problems, especially against short or long-
term partial and full occlusion coupled with aspect ratio change, background clutter,
camera motion, fast motion, illumination variation, low resolution, out-view, similar
object, scale variation, viewpoint change. The PFCNNOcc combines CNN models,
trained with the novel synthetic S-UAV dataset [10,11] and the UAV123 dataset [2]
to predict the optical low and occlusion maps, segmentation masks, and classification
scores. The overview diagram of the PFCNNOcc is shown in Figure 1.3, and its novel

functions are named as;

Re-Identification Module Final PFCNNOcc,
Occlusion Detector and Calculator Module Final PFCNNOcc,
Full Occlusion Dense Search Module Final PFCNNOcc,

Merged Target Detection.

These are the contributions of the PFCNNOcc to the literature. As far as is known
that the PFCNNOcc is the first method in literature that predicts and utilizes the

optical flow and segmentation to estimate the state variables of the target as well as the
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Figure 1.2. The general concept of the proposed method using different occlusion

detection and state estimation/prediction mechanisms.

occlusion state and the degree of it during tracking in UAV videos. “Re-Identification

Module Final PFCNNOcc¢” utilizes the forward and optical flow predictions, and the

segmentation masks of the consecutive images with a novel matching algorithm to re-

detect the target at the beginning of each image pair and to localize its location and

size at pixel-level with high precision. In the meantime, the average motion vector for

the target is also calculated.

The location, size, and motion vector, calculated with high accuracy pave the way

to boost the tracking performance of the final version of the PFCNNOcc. “Occlusion

Detector and Calculator Final PFCNNOcc” is very vital to decide whether a pixel is

non-occluded, will-be-occluded, and already-occluded, and to calculate the degree of
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Figure 1.3. The overview diagram of the PFCNNOcc.

occlusion via considering the possible scale and aspect ratio variations. This novel
function increases the robustness of the method against partial and full occlusion, and
hence, it makes a huge difference compared to the state-of-the-art (SOTA) trackers.
“Full Occlusion Dense Search Module Final PFCNNOcc” is a combination of the “Re-
Identification Module Final PFCNNOcc” and “Occlusion Detector and Calculator Final
PFCNNOcc” with a dense-search algorithm to re-detect the target after a short or long-
term occlusion. Merged target detection function at the end of iteration detects whether
a target is occluded by another vehicle during tracking or not. After the occlusion or
merged-target condition ends, the discrimination capability of the function, separating
the target from other vehicles on the run, helps the PFCNNOcc to keep on tracking

precisely.

1.5. The Contributions

The novelty of the methods proposed in this thesis and the contributions are

presented in the following paragraphs.

In this thesis, we developed two novel methods called the PFCNN and the PFC-

NNOcc. While the PFCNN focuses on resolving abrupt changes in scale, aspect ra-
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tio, visual model, target motion, and rotation except occlusion for vehicle tracking in

low-altitude UAV videos, PFCNNOcc is capable of tracking a vehicle under all visual

problems, especially partial and full occlusion, which is not addressed by the PFCNN.

(i)

(iii)

The contributions of the PFCNN [6] are threefold:

Particle rescaling mechanism against scale and aspect ratio variation: By intro-
ducing a particle rescaling mechanism where each particle is resized with different
aspect ratios, tracking under scale and aspect ratio variations is improved.

A new structure, obtained by fully integrating the CNN model with the particle
filter: By this new structure, APF [7-9] is mimicked. By supporting the weight
update process of the particle filter with class probability scores of the particles
improves the state estimation.

The unified multi-part vehicle tracking framework: Forming such a tracking mech-
anism enables several tracking agents to act independently and to provide esti-
mates during the particle sampling phase. The novel unification module improves
the standard particle filtering performance against variations in scale, aspect ra-
tio, target motion, and visual model, and puts the PFCNN into the top-ranking
SOTA trackers [1], [4], and [12,13].

The PFCNNOcc method, designed in the second step of the thesis, outperforms

all SOTA trackers in the UAV123 10fps (frames per second) dataset [2]. It combines
CNN models, trained with the novel synthetic S-UAV dataset [10], [11] and the UAV123

dataset [2] to predict the optical flow and occlusion maps, segmentation masks, and

classification scores. The novel functions, named as;

Re-Identification Module Final PFCNNOcc: It utilizes the forward and backward
optical flow predictions, and the segmentation masks of the consecutive images
with a novel matching algorithm to re-detect the target at the beginning of each
image pair and to localize its location and size at the pixel level with high preci-

sion. In the meantime, the average motion vector for the target is also calculated.
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The location, size, and motion vector, calculated with high accuracy, pave the
way to boost the tracking performance of the final version of the PFCNNOcc.

o Occlusion Detector and Calculator Final PFCNNOcc: It is very vital to decide
whether a pixel is non-occluded, will-be-occluded, and already-occluded, and to
calculate the degree of occlusion by considering the possible scale and aspect ratio
variations. This novel function increases the robustness of the method against
partial and full occlusion, and hence, it makes a huge difference compared to the
SOTA trackers.

o Full Occlusion Dense Search Module Final PFCNNOcc: It is a combination of
the “Re-Identification Module Final PFCNNOcc” and “Occlusion Detector and
Calculator Final PFCNNOcc” with a dense-search algorithm to re-detect the
target after a short or long-term occlusion. The overall performance of most
of the SOTA trackers decreases because of the full occlusion condition, creating
a huge uncertainty in terms of the location and size after the target vanishes.
The amount of this uncertainty is a cumbersome for the trackers to handle after
the target is appeared on the scene again. Hence, “Full Occlusion Dense Search
Module Final PFCNNOcc” has the key contribution in the best performance of
the PFCNNOcc.

o Merged Target Detection: It detects whether or not a target is occluded by
another vehicle during tracking at the end of each iteration. After the occlusion
or merged-target condition ends, the discrimination capability of the function,
separating the target from other vehicles on the run, helps the PFCNNOcc to

keep on tracking precisely.

These are the contributions of the PFCNNOcc to the literature, and will be explained
in detail in Chapter 5. As far as is known that the PFCNNOcc is the first method in
literature that predicts and utilizes the optical flow and segmentation to estimate the
state variables of the target as well as the occlusion state and the degree of it during

tracking in UAV videos.
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Another contribution of this thesis is the creation of the S-UAV dataset [10], [11]
to train CNN models, used to predict the optical flow maps in correlation with the
occlusion maps, as well as segmentation masks and classification scores. The vital
importance of this synthetic dataset published in [10], is to construct the ground truth
for the optical flow and occlusion data that are almost impossible to extract for real-
time scenarios. To the best of our knowledge, S-UAV dataset [10] is the first and only
UAV dataset that has these ground truth data at the same time, especially the optical
flow and occlusion. While these ground truth data in the S-UAV dataset boost the
performance of the PFCNNOcc method to outperform the SOTA trackers, the ground
truth data for the segmentation and classification are also utilized to train the SOTA

detection algorithms in [11] to enhance their performances.

One major contribution is presented through the development of a tracking-by
detection framework using the Marginal Particle Filter (TDMPF) [20], aimed at val-
idating the effectiveness of particle filtering for visual object tracking. This method
introduces a technique for tracking objects exhibiting nonlinear dynamic motion. More-
over, the variance of the noise in the process equation of the particle filter is recursively
estimated, enhancing the system’s robustness against sudden dynamic movements of
the object and reducing tracking errors in videos with continuously changing back-

grounds.

To constitute the basis of the novel PFCNN [6] and PFCNNOcc methods, one
major contribution is presented through the development of a tracking-by-detection
framework using the Marginal Particle Filter (TDMPF) [14], aimed at validating the
effectiveness of particle filtering for visual object tracking. This method introduces
a technique for tracking objects exhibiting nonlinear dynamic motion. Moreover, the
variance of the noise in the process equation of the particle filter is recursively estimated,
enhancing the robustness of the system against sudden dynamic movements of the

object and reducing tracking errors in videos with continuously changing backgrounds.
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1.6. Outline of the Thesis

The rest of the thesis is organized as follows. In Chapter 2, the visual object
tracking methods and those designed to solve the occlusion problem in the literature
are discussed. In Chapter 3, the PFCNN is elaborated, and is compared with APF.
In Chapter 4, the creation of the novel synthetic UAV dataset, called S-UAV [10],
and the segmentation ground truth for the UAV123 dataset [2] is explained in detail.
In Chapter 5, the proposed method, PFCNNOcc, is explicated in detail. In Chapter
6, a comprehensive analysis is carried out separately for the PFCNN, the APF, and
the PFCNNOcc as well as it ablation versions to find the best-performing method
among the SOTA trackers. The analysis consists of scenario-based, attribute-based,
and overall comparisons and summarizes the pros and cons of the methods. Finally, in
Chapter 7, concluding remarks based on the analysis covering the SOTA methods are

presented, and the possible areas of future work are summarized.

The figures created within the scope of this thesis and copyrighted to the publisher
are used in the thesis in accordance with the “the editorial policy of the author on the

reuse of self-produced text and figures”on the website of the publisher.



15

2. LITERATURE SURVEY

This chapter examines discriminative approaches in visual object tracking tech-
niques. Additionally, deep learning (DL) techniques are categorized among these ap-
proaches based on the structure of their CNN models and their application. To provide
insight into how optical flow information and segmentation are customized to identify
occlusion, a survey of the most advanced optical flow and occlusion detection techniques
created with DL models is conducted. For better understanding, the literature survey
will be presented in two different sections. While the first section explains the SOTA
discriminative methods in visual object tracking, the second one concentrates on the
techniques, especially focusing on visual object tracking under occlusion using optical
flow, segmentation, and other techniques. In [1], both generative and discriminative
target tracking algorithms are investigated extensively, and their respective advantages
and disadvantages are outlined through comparative analysis. Additionally, it details
the databases and evaluation metrics commonly used in the literature for assessing

performance.

2.1. State-of-the-Art Discriminative Methods Visual Object Tracking

2.1.1. Tracking by Handcrafted Feature-Based Methods

To identify the discriminative function that learns both the target and the back-
ground, the trackers in this class monitor the target while labeling the candidate bound-
ing boxes that are sampled using techniques like Adaboost and positive-negative learn-

ing [1], [15].

To accomplish visual target tracking, tracking with learning detection (TLD) [16]
combines a binary-classifier learning approach with the Lucas Kanade tracking algo-
rithm [17]. The relationship between discrete Fourier transform and circulant matrices

is taken into consideration in order to establish a high-speed tracking-by-detection
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process while utilizing the circulant structure of tracking-by-detection with kernels

(CSK) [18] and kernelized correlation filter (KCF) [19].

Correlation filters for potential translation and scale variation are computed sep-
arately in the discriminative scale space tracker (DSST) [20]. To address the pitfalls
resulting from periodic assumptions, a spatial regularization parameter is incorporated
in the discriminative correlation filter (DCF) formulation in spatially regularized dis-
criminative correlation filters (SRDCF) [21]. The model updating procedures and the
sampling technique of the target, surrounding the ROI, are the drawbacks of the meth-
ods. An abrupt shift in visual appearance is accompanied by changes in the scale/aspect
ratio of the target, sudden camera movements, or strong dynamic motion with extreme

maneuvers.

In TDMPF [14], an algorithm that utilizes a tracking-by-detection approach to
monitor objects exhibiting non-linear dynamic motion is designed. This method incor-
porates a tracking-by-detection technique based on the Gauss kernel, which leverages
circulant matrix theory and the Fourier transform, in conjunction with the marginal
particle filter method. The marginal particle filter applies scores obtained from the
Gauss kernel during the measurement update phase to assign weights to particles that
are propagated around the tracked target. During the state variable updates by the
marginal particle filter, estimates are made for the coordinates of the objects, their
associated correction values, and the dimensions of the image window surrounding the
object. This study constitutes the basis for the PFCNN [6] and the PFCNNOcc which

are the main contributions of this thesis.

There are methods, designed based on the updating rule of the classification
function about changes in the tracking environment. The tracking is achieved by using
support vector machines to train the target model and the background. Instead of
sampling and labeling independently, the kernelized and structured support vector
machines in structured output tracking with kernels (STRUCK) [22,23] are designed

to achieve tracking by detecting transformation between consecutive images.
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Only 2D motion variables are estimated in [22], but scaling is also computed
in [23]. Robust tracking with multiple experts using entropy minimization (MEEM) [24]
method mitigates the drift or model deviation issue during tracking. These techniques
have trouble tracking if the target exhibits rapid dynamic motion and abrupt visual
model changes. According to this scenario, they need a more sophisticated sampling

technique and a more robust model update structure.

2.1.2. Tracking by Deep Feature Based Methods

Only the most advanced tracking techniques [4] that use DL to achieve visual

object tracking are described in this section.

2.1.2.1. Tracking-by-Detection Based Methods. Visual tracking is seen as a target and

background classification problem by tracking-by-detection techniques. By sampling
numerous bounding boxes surrounding the potential target area in the image, the deep
networks used in this class of algorithms to learn and to detect the target in the proposal

region.

A CNN design is suggested in the multi-domain network tracker (MDNet) [25] to
learn the shared properties of potential targets from several annotated image sequences,
or “domains.” Additionally, the network contains a number of domain-specific layers
that function as distinct branches and are utilized to learn features for binary classifica-
tion of various image sequences. The weights learned from each image sequence in the
preceding layers for generic representation learning are shared by these levels. Addi-
tionally, during the testing phase, the model is coupled with an online learning system.
To do this, all domain-specific categorization branches are eliminated, leaving only one
branch to be used for testing score estimation. To acclimate to the new domain, the
fully-connected layers within shared layers and the new categorization branch undergo

online training.
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A reciprocative learning method that customizes attention maps is suggested in
deep attentive tracking (DAT') [26], where MDNet [25] is used as a baseline tracking-by-
detection framework. The classification score is determined in the forward pass when an
input image is fed into the deep CNN (DCNN) architecture. The reciprocative function
is applied to the classification score in order to determine its derivative with respect
to the input image along the path from the last fully-connected layer towards the first
convolutional layer, prior to applying the traditional backward propagation to the loss
function during training. After that, the output of the first layer of the network—the
attention map—is extracted. No network parameter is changed while the attention map
is being calculated. The traditional backward propagation is implemented to update
the network parameters once these attention mappings are applied as a regularization
term to the loss function. Thus this technique learns to focus on the desired areas and

remove background pixels.

2.1.2.2. Correlation Filter Based Methods. Finding the target’s location within a patch

of an image by learning the DCF is the main goal of correlation filter-based techniques.
Typically, an ROI that is larger than the bounding box of the target is cropped, and
any feature extraction approach is used to compute the features. In order to create a
Gaussian response map in relation to an ideal map, these features are then customized
to learn several correlation filters. The resulting response map is then used to estimate

the bounding box of the tracked object in the last phase.

Due to the lack of a target model update mechanism, these approaches suffer
from significant tracking issues if the monitored object experiences partial or complete
occlusions and deformations. Consequently, it is crucial to include a regularization

factor in the loss function used for filter learning.

Using multi-resolution deep feature maps, the continuous convolutional opera-
tor tracker (CCOT) [27] learns the convolutional filters customized in [18,19] in the
continuous spatial domain. While it formulates the learning issue in the continuous

spatial domain using an implicit interpolation approach, it has the ability to localize
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sub-pixels, which is essential for the task of precise feature point tracking. Efficient
convolution operators for tracking (ECO) [28] evolves from CCOT [27] by altering the
model updating mechanism and integrating a factorized convolution operator to reduce
the number of convolutional filter parameters. To achieve so, an operator for factorized
convolution, which significantly lowers the model’s parameter values, and a conserva-
tive model update technique characterized by enhanced resilience and less complexity

are developed.

By including temporal regularization, the spatial-temporal regularized correla-
tion filter (STRCF) [29] enhances SRDCF [21]. SRDCF [21] integrates an extra spa-
tial penalty on convolutional filter coefficients to address the boundary effect issues
encountered in [18,19]. The tracking performance is enhanced by this technique, but
the computational load is also increased in return. STRCF, which is produced by
adding temporal regularization to SRDCF [21], can be regarded as a logical approach
to SRDCF with multiple training images. However, depending on the level of visual
fluctuation in the scene, STRCF [29] provides a more reliable appearance model than

SRDCF.

A research that is comparable to proposed PFCNN [6] is the deep convolutional
correlation iterative particle filter (D2CIP) [30]. D2CIP is an extension of its prior vi-
sual trackers [31-34]. It combines Sequential Monte Carlo procedures with correlation-
convolution approaches. It incorporates several particles as inputs to a CNN and uses
the correlation filter from the ECO tracker [28] to build correlation maps for each
particle. The new location of the target is determined by analyzing the correlation
between the target model from previous frames and the convolutional features re-
trieved from the current frame. If the distance between the peak of the correlation
response map and the particle position exceeds a given threshold, a new response map
is generated using the picture patch centered at the peak. As this process repeats,
most particles end up in a limited number of places. D2CIP iteratively updates par-
ticle likelihoods to calculate the posterior distribution over the proper support points

in particle-correlation trackers. However, there are several significant variations be-
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tween the PFCNN and D2CIP. Our approach customizes parts-based tracking, particle
rescaling, and updating the weights via mimicking APF and unification algorithms for
optimal performance, whereas D2CIP uses only correlation filters to refine the sampled
particles. While D2CIP only uses the output of the correlation maps to fine-tune the
location of the particles, the PFCNN updates the weights of the particles using the
likelihoods and the class probability scores of these particles. The PFCNN also fine-
tunes the location and size of the bounding boxes of the particles in particle rescaling
and unification functions. Hence, the PCFNN evolves not only the estimates for the
location but also the size of the bounding boxes for each particle. The primary issues
with these techniques arise when there is rapid target motion combined with variations

in scale, aspect ratio, and visual model.

2.1.2.3. Siamese Network-Based Methods. Using a similarity learning strategy, Siamese

networks, which are made up of two identical components with shared weights, are uti-
lized to learn the common representation of the input images. These trackers have
garnered a lot of interest because of their promising performance [35]. The trackers
have two main approaches to sample the region: 1. Anchor-based, 2. Anchor-free.
While anchor-based methods tailor the region proposal network (RPN), anchor-free

ones rely on the four sides of the bounding box for sampling and training.

On the other hand, a DCNN is trained offline to determine the similarity between
a target image and a larger search image in the fully convolutional Siamese tracker
(SiamFC) [36]. The target image is tracked within the search image via the Siamese
architecture of DCNN. The fully-convolutional structure of this Siamese network allows
end-to-end tracking, and a bilinear layer specifically designed for the cross-correlation

of the target and search images performs the sliding-window function.

Following the successes of SiamFC [36], SiamRPN [37] offers a region proposal net-
work and resolves the tracking issue as a one-shot local detection procedure. SiamRPN
is the first method that applies the RPN to visual tracking problems via tailoring pre-

defined anchors [35]. It comprises a Siamese subnetwork for feature extraction and
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a region proposal subnetwork, which includes classification and regression branches.
One of the primary issues with Siamese trackers is their inability to distinguish the
target from purely non-semantic background, or background with a different textu-
ral pattern from the target, under distractor-aware Siamese region proposal networks
(DaSiamRPN) [38]. When the background is similar to the target, it is referred to
as a distractor. In such cases, the tracking process becomes more complex. The lack
of an online update method for the target model is another issue with contemporary
Siamese trackers. DaSiamRPN [38] suggests a distractor-aware Siamese network for
precise and long-term tracking in order to address these issues with current Siamese
trackers. Positive picture pairs that resemble the goal are exploited during the training
process, but negative image pairs that resemble the semantic backdrop (distractors)
are also produced. By including these distractions in the training process, DaSiamRPN

is able to block them while tracking in real time.

In SiamAPN [35], an anchor proposal network (APN) is proposed in an adaptive
fashion as anchor-free method. Instead of using pre-defined anchors, the utilization
of adaptive anchors increases the probability of including objects with different sizes
inside the bounding box. This feature decreases the unbalance of the images from
the object and background. The hybrid dimension features from APN and feature
extraction networks are integrated into a clean feature fusion network. A complex
multi-classification framework is suggested to take into account fully classifiable ele-

ments to improve SiamAPN’s discriminability [35].

To solve the semantic information variation problem in SiamAPN [35] via using
the attention mechanism, an attentional Siamese tracker, called as SiamAPN++ [39],
was proposed for real-time UAV tracking. SiamAPN++ is designed with the inte-
gration of the attentional aggregation network (ANN) and anchor proposal network
depending on dual features (APN-DF). In order to adaptively aggregate the cross-
interdependencies from various feature maps and the self-semantic interdependencies
of a single feature map through two methods, a unique AAN is presented. By im-

plementing the dual features in APN-DF, the suggested anchors’ anti-interference and
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resilience in the face of significant scale fluctuation are enhanced. The methods in this
class, especially DaSiamRPN [38], SiamAPN [35], and SiamAPN-++ [39], achieve the
best scores or performances in the SOTA [4], [35], [38,39] for the tracking on UAV20L,
UAV123@30fps, and UAV123@10fps from the UAV123 Benchmark Dataset [2].

2.1.2.4. Reinforcement-Learning Based Methods. In reinforcement learning based

methods, the tracker learns the most feasible translational parameters between the
search samples and the target. They exploit the feedback to calculate these parameters.
After each observation is input to these methods in discrete time steps, they select
the best action among several feasible alternatives. This iteration is repeated until
convergence is achieved [4]. In actor-critic tracking (ACT) [40] method, the actor-
critic framework is taken as a reference to design a learning-based approach that uses
uninterrupted actions. At each iteration, one action is taken by the “actor” network
to predict the possible location of the target in the image. Then, the reinforcement
learning idea forces the method to acquire the best optimal action for the best target
estimate during training. “Critic” network acts as a confirmatory agent during both

offline training and online tracking [40].

2.2. Visual Object Tracking Under Occlusion

The tracked target becoming partially or fully invisible on the LOS of the video
camera because of other moving objects or background objects in the environment is

known as the occlusion problem.

In this section, the methods tailored to detect occlusion will be summarized.
And optical flow is one of the best methods, commonly used in the literature for
detecting and determining the degree of occlusion. It is commonly known that two-
dimensional image coordinates are also affected by the relative movements of targets

in three-dimensional space.
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In order to calculate the magnitude and direction of the vectorial changes dis-
played by the targets, techniques have been developed in the literature to identify
brightness variations between the two images. This allows for the creation of two-

dimensional displacement field vectors, also referred to as optical flow vectors [41].

The optical flow field is generally best described as a dense field of displacement
vectors that translates every point in the first image onto its matching location in the
second image. Numerous computer vision domains, including visual surveillance, robot
navigation, image interpolation, and super-resolution, use optical flow [41]. Being able
to identify and follow an object is essential for visual surveillance, as is the ability to do
depth ordering to comprehend the potential for occlusion. A crucial tool for completing

this work is optical flow, which extracts the scene’s motion vectors.

Another extremely helpful feature of optical flow is its application in robot nav-
igation, which it is used to determine the speed and direction of the robot and to

address issues with obstacle recognition and collision avoidance systems.

The application of optical flow in picture interpolation and super-pixel resolution
is another crucial topic. The Super-Pixel resolution technique is designed to improve
the resolution of low-resolution (LR) photos to high-resolution (HR) images, while
image interpolation is used to raise the frame rates and resolution of films as post-
processing. Additionally, optical flow is essential for aligning two pictures or video

frames with differing resolutions.

The earliest optical flow approach, known as the Brightness Constancy Assump-
tion (BCA) was created by the classical work of Horn & Schunck (HS) [41], and relies
on the supposition that brightness remains constant for a brief period between two

frames, and it is illustrated as

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



24

where z and y stand for the location of the pixel along = and y axeses in the frame, f,

at time ¢, dx, dy, and dt present the displacements for the location and the time.
After the classical work of HS [41], many different optical flow methods have
been developed in the literature, and these methods can be categorized into two broad
categories: 1. Traditional Methods, 2. DL Based Methods [42,43].
2.2.1. Traditional Optical Flow Methods
In this section, the phylosophy behind the traditional optical low methods will be

explained under three different subcategories: 1. Variational Methods, 2. Patch-Based
Methods, 3. Patch-Based Methods with Variational Refinement.

2.2.1.1. Variational Methods. All the methods [1], [12,13], [15] in this category calcu-

late the optical flow vectors by minimizing an energy function or cost function. One of
the most effective and earliest variational methods is HS [41], which exploits the BCA,
thus considering that the horizontal and vertical displacements are small. The BCA
equation, given in Equation (2.1), is linearised using Taylor series expansion. All vari-
ational methods aim to minimize an energy function similar to the one in HS, but they
can exploit different data types, such as gradient constancy (Scale Invariant Feature

Transform (SIFT) features) in [44], higher order derivatives, and color model.

2.2.1.2. Patch Based Methods. Most of the patch-based methods [1], [12,13], [15] rely

on Lucas Kanade (LK) [45] approach, which works on the discrete domain. Two
consecutive frames are divided into fixed-size patches selectable by the user, and these
patches are matched by minimizing the intensity gradient of the image. LK is robust
against small motions between two consecutive images but is prone to error if a large
displacement occurs in the scene. To solve this problem, a coarse-to-fine strategy is
integrated into the LK algorithm, which uses the image pyramids, downsampled from

high-resolution images. At the top, there is the coarsest resolution image.
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2.2.1.3. Patch Based Methods with Variational Refinement. The difference between

these methods from classical patch-based algorithms is how they refine the energy
function, which is used to minimize a gradient, color model difference, etc. to find the
optical flow. For example one of the first methods of this kind is Large Displacement
Optical Flow (LDOF) [44], which puts an additional energy term depending on the
SIFT features and color into the total energy equation as another constancy. Lots of
methods based on LDOF have a feature extractor, matching, and variational refinement
stages. Another very effective patch-matching algorithm from LDOF is Deep flow [46].
This is a variational optical flow method with an additional loss function based on a
deep matching algorithm with a classical variational framework that allows integration
of feature descriptors and matching. Deep Flow is a non-parametric algorithm based on
a fine-to-coarse approach, and its most innovative part is its deep matching algorithm,
which is used to extract descriptors and match them in deep. The deep matching
algorithm is tailored by other very high-performance methods with different variational

refinement algorithms.

2.2.2. DL-Based Optical Flow Methods

Deep flow [46] is one of the best-performing hand-crafted optical flow approaches,
similar to DL methods because of its convolutional structure but with no learned
parameters. Hence, deep flow opened a new era in which DL methods are being

applied to find optical flow in different ways.

As a consequence, in recent years, CNN-based methods have been widely used to
find optical flow. In some of these methods, CNNs are used for extracting deep features
for image comparison, while in others they directly generate dense optical flow vectors

end-to-end.

CNN-based methods, tailored for optical flow, are fundamentally divided into two

main classes: 1. Supervised Learning, 2. Unsupervised Learning.
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2.2.2.1. DI-Based Optical Flow Methods with Supervised Learning. A sizable

optical flow training dataset is necessary for the CNN model to learn the optical flow
in supervised learning-based techniques to provide an accurate reference or ground
truth. The effectiveness of the supervised learning-based approach is directly impacted
by the diversity and accuracy of the training dataset. Nevertheless, it is extremely
challenging to label optical flow in real-time recorded movies, and nearly all of the
techniques used in the literature are trained on artificially created datasets that include
labeled optical flow. The following lists the relevant synthetic datasets. Flying Chairs
[47] is a synthetic database with 22,000 image pairs and corresponding ground truth
optical flow data. ChairsSDHom [47] is a synthetic database consisting of image pairs
and corresponding ground truth optical flow data. FlyingThings3D [48] is a synthetic
database with image pairs and corresponding ground truth optical flow data. Sintel [49]
contains 1,000 image pairs taken from open-source videos. It is preferred for fine-
tuning and evaluation of images with dense optical flow vectors. Monkaa [48] consists
of 8,500 image pairs extracted from a cartoon and is similar to the Sintel database.
KITTI2012 [50] is constructed with 200 frames of stereo videos of road scenes from
the real world. Some of the synthetic datasets found in the literature [51-54] are
derived from the Grand Theft Auto 5 (GTA5) game. However, the optical flow results
presented in these studies are not provided from the perspective of a drone, and the
number of labeled images and vehicle diversity are insufficient. This is because it is
not possible to access the mesh information from a certain distance from the camera in
the GTAb world. The datasets [55] and [56] were created using the Unity engine. The
Crowdflow [55] dataset includes optical flow information along with a human crowd,

and it has been captured from the perspective of a drone.

The success of DL leads to the development of novel optical flow models. [46] com-
putes optical low using patch matching by extracting discriminative features from deep
nets. [57] adds more semantic information to the patch matching-based approaches, ex-
tending them even further. A robust thresholded hinge loss is later proposed in [58]
for Siamese networks to learn CNN-based patch matching features. [59] produces op-

tical flow results quickly and accurately while speeding up the processing of the patch
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matching cost volume. FlowNet [47] employs an end-to-end learning strategy to fore-
cast optical flow via training a network to predict the x—y flow fields straight from the
images using a dataset of image pairs and ground truth flows. Stacking both input
images together and passing them through a very general network is a straightforward
option that allows the network to determine how to process the image pair in order
to extract the motion information. This architecture is built only with convolutional
layers, and is called “FlowNetSimple(S)”. A less generic and hand-designed model is
created to guarantee learning with better performance without creating a larger model.
The network is limited by this architecture so as to first generate meaningful represen-
tations of the two images independently before combining them at a higher level via
introducing a “correlation layer”. The usual error metric for optical flow estimation,
end-point-error (EPE), is employed as the training loss. It is the average of Euclidean
distances of all pixels between the ground truth and the anticipated flow vector. Hence,
FlowNet [47] signified a change in perspective for estimating optical flow. The notion of
directly learning the concept of optical flow from data using a basic CNN architecture
is entirely at odds with all of the accepted methods. This work demonstrates that a
generic U-Net CNN architecture may be used to directly estimate optical flow from

raw images [60].

Introducing FlowNet2 [61] fixes issues with noisy artifacts and tiny displacements
in estimated flow fields by FlowNet [47]. This results in a significant boost in perfor-
mance for practical uses like motion segmentation and action detection. FlowNet2
also presents a warping operation and demonstrates how employing it to stack several
networks can greatly enhance the outcomes. But, its subnetworks must be trained one
after the other since large models are more likely to experience the over-fitting issue.
Because of its size, required by the memory during training, it is not a good fit for

embedded and mobile devices.

SpyNet [62] uses DL in conjunction with a traditional spatial-pyramid formulation
to learn how to compute optical flow. By calculating an update to the flow and warping

one image of a pair at each pyramid level by the current flow estimate, big motions
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are computed in a coarse-to-fine strategy. An advantage of the pyramid is that, unlike
the more current FlowNet [47] technique, the networks do not have to handle massive
motions. In order to estimate the motion from these two images, SpyNet just needs
a small network. Hence, SpyNet demonstrates how classical principles and CNNs can
be combined so that a small network can do the motion estimation. EPE loss is used

during training.

LiteFlowNet [63] is made up of two small sub-networks that specialize in optical
flow estimates and pyramidal feature extraction. Any pair of images can be converted
into two pyramids of multi-scale, high-dimensional characteristics with a pyramidal
feature extractor, called NetC. A flow estimator, such as NetE, is composed of regular-
ization and cascaded flow inference modules to estimate coarse-to-fine low fields. This
network innovates the practical aspects of traditional techniques. While image warping
is accomplished via the feature warping function of CNN, and brightness constraint in
data fidelity is considered by the pyramidal features in CNN. This compact network
outperforms FlowNet [47] and FlowNet2 [61] while having a smaller model size and
faster iteration time. Each network at a different level has independent CNN param-
eters to train without sharing with each other. Therefore, this increases the number
of trainable parameters to decrease the computation load during training. EPE loss is

tailored during training as applied in FlowNet [47], [61].

SegFlow [64], an end-to-end trainable network, is designed to predict optical flow
and pixel-wise object segmentation in consecutive images or videos at the same time.
The two branches of the method allow for the bidirectional propagation of important
information about object segmentation and optical flow inside a single, cohesive frame-
work. The optical flow branch utilizes the FlowNet model, whereas the segmentation
branch is based on a fully convolutional network, which has demonstrated efficacy in
image segmentation tasks. To learn a general concept, the unified framework is itera-
tively trained offline. It is then refined online for particular objects. The loss function
is constructed with the combination of EPE loss for the optical flow network and a

categorical cross-entropy loss for segmentation network.
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PWC-Net [65] and PWC-Net+ [66] close the gap between the traditional optical
flow methods and CNN. Initially, traditional optical flow techniques frequently pre-
process raw images to extract features that remain invariant to shadows or illumination
variations. Moreover, in the specific context of matching, a cost volume serves as a
more discerning depiction of disparity (1D flow) compared to unprocessed images or
features. Instead of applying cost volume over the full frame, a partial search area at
each pyramid level decreases time consumption for the process. PWC-Net is developed
to benefit all these basic and well-designed realities, such as pyramidal processing,
warping, and cost volume usage, to improve the optical flow accuracy in real-time
scenarios. PWC-Net warps the CNN features of the second image using the current
optical flow estimate, which is cast in a learnable feature pyramid. After that, it creates
a cost volume using the features of the initial image and warped features, which CNN
processes to estimate the optical flow. A very important point in its architecture is that,
rather than using the same parameters, the CNN estimators, at various levels, have

their own. This method uses the same multiscale training loss, tailored in FlowNet [47].

Each of these approaches requires a sizable optical flow dataset for training, and
their CNN models differ. Furthermore, their error functions vary concerning the ele-
ments that are intended to be improved during CNN training. Photometric or smooth-
ness terms, or a combination of both, make up the error functions. The development
of CNN-based optical flow methods starts with the design of FlowNet [47]. Then, the
other CNN-based methods are developed depending on the baseline CNN architecture
in FlowNet [47] via improving the accuracy and computational speed with the addition
of pyramidal processing, warping, and cost volume usage, weight sharing between the
levels of the pyramid, etc. These new concepts boost the performance of the CNN-
based optical flow estimators while keeping the basic principles from the traditional

methods.

2.2.2.2. DI-Based Optical Flow Methods with Unsupervised Learning. The primary

drawback of DL techniques is their voracious appetite for labeled data because su-

pervised learning-based optical flow estimator models need dense labels with per-pixel
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motion between two consecutive frames. At this point, unsupervised learning-based
CNN techniques are being developed to reduce the dependence of supervised learning-
based methods on labeled optical flow datasets. In unsupervised learning-based CNN
methods, the photometric error function between the warped image and the first im-
age is iteratively optimized after the second image is warped to the coordinate space of
the first image using the optical flow data that the CNN has gathered. At this point,
the unsupervised DL approaches differ from the supervised DL methods, using precise

references to train the network.

There are advanced unsupervised learning methods in the literature. DST-
Flow [67] begins with a localization net utilizing the FlowNet structure [47] given
two input images. Pixel-level translation estimation is the result of the localization
net. The spatially warping feature map is created by feeding this into a bilinear sam-
pling net. Lastly, the objective function, which is commonly employed in learning-free
variational approaches, measures the loss as the photometric inaccuracy between the
warped feature map from the source image and the target image. Originally intended
for object level transformation modeling, this network can be thought of as a pixel-level
implementation of the Spatial Transformer Networks (STNs) [68], specifically tuned for
optical flow. Another key distinction is that this approach uses a loss in a completely
unsupervised scenario, whereas STN uses object level supervision to learn the trans-
formation in the context of recognition. The similar multi-scale EPE loss function of

FlowNet [47] is also tailored.

Using a typical variational loss, the BackToBasics [69] technique (i.e., without
utilizing ground truth flow) trains a CNN to predict optical flow between two images.
It employs only the images for training instead of the associated ground truth flow
and imagery. Specifically, we use a loss function that combines a spatial term that
simulates the predicted change of flow throughout the image with a data term that
assesses photometric constancy over time. Based on the network’s expected optical
flow, the photometric loss calculates the difference between the initial input image and

the (inversely warped) subsequent image. The difference between spatially adjacent
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flow predictions is measured by the smoothness loss. These two losses together create

a stand-in for losses determined by the ground truth flow.

An end-to-end unsupervised method that shows how well unsupervised learning
works for optical flow is presented by UnFlow [70]. Building on current optical flow
CNNs [47], [61], it substitutes an unsupervised photometric loss akin to that in [69]
for the supervision from synthetic data. By executing a second pass with the two in-
put images switched, it calculates bidirectional optical flow (i.e., both in forward and
backward direction). After that, it uses the census transform to improve robustness
on real images and creates a loss function that explicitly considers occlusion by uti-
lizing bidirectional flow. It builds upon the earlier FlowNetS-based BackToBasics [69]
and extends it in three key ways: iterative refinement by stacking multiple FlowNet
networks [61], training FlowNetC with its comprehensive unsupervised loss to esti-
mate bidirectional flow, and designing a symmetric, occlusion-aware loss based on
bidirectional (i.e., forward and backward) optical flow estimates. In order to determine
whether unsupervised procedures are a good substitute for or supplement to supervised

learning, this work explores potential methods for increasing their accuracy.

LearningByAnalogy [71] suggests a framework that uses augmentations to self-
supervise and learn optical flow from unlabeled image sequences. The fundamental
learning framework is modified by adding a forward pass for transformed images, where
the supervision comes from the transformed prediction of original images, to prevent
the goal of view synthesis from being unreliable on transformed data. The architecture
enables the network to learn by analogy with the original samples, progressively learn-
ing the capacity to handle tough samples. The self-supervision from transformations

prevents the unsupervised aim from being confusing in challenging circumstances.

To improve the matching accuracy, UnSupOptFlowWithOcc [72] suggests a patch-
based census constancy loss by patch-based warping. It uses a local patch as the rep-
resentation of the center point to find its correspondence rather than just taking into

account, one point. The census transform, which is not affected by changes in illumi-
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nation, is used to compare the differences between patches. Additionally, it develops
an additional branch to concurrently estimate a soft occlusion mask in an unsuper-
vised manner. To lessen the impact of the occlusion zone, the estimated occlusion
mask is trained unsupervised using pixels with a high patch constancy error and poor
forward-backward flow consistency. Among unsupervised learning techniques utilizing
the FlowNet-like structures [47], [61], [73], this approach achieves the SOTA results

among unsupervised-based methods.

A CNN-based non-local term, in ULOFNL [74], is created to address the issue
of over-smoothing beyond motion bounds. Because a non-local term is incorporated
into the DCNN, its weights can be automatically learned, making it appropriate for
denoising a variety of images while maintaining motion boundary features. Second,
the network is designed to extract occlusion maps and combine them to create a loss
function in order to address issues caused by occluded regions, which typically yield
inaccurate information. In particular, bi-directional occlusion maps are produced by
estimating the forward and backward optical lows. More specifically, two consecutive
frames are used as inputs during the training phase. Both forward and backward optical
flows are computed by switching the image order. The calculated optical flow is then
refined using the CNN-based non-local term. Subsequently, bi-directional occlusion
maps are obtained by forward and backward consistency checks using the revised bidi-
rectional optical flow. A loss function is constructed based on the estimated occlusion

maps and bi-directional optical flow.

2.2.2.3. Comparison of DI.-Based Optical Flow Methods in Terms of Learning. The

performance difference between supervised and unsupervised learning-based approaches
is still present. Supervised methods, trained with ground truth optical flow datasets
using the combination of a bunch of loss functions, outperform unsupervised methods.
Even though the performance differences, the frameworks of these methods are very
similar except the way the networks are trained. Especially the loss functions, tailored

during training, are almost the same, and itemized as,
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« Photometric Loss: This loss term , Loss,, is tailored to measure the difference
between the target image and the image, warped using the optical flow vector
that is predicted by a CNN model over the non-occluded regions [5], and defined

as

p = [Xey P(f(zy) — f(2,9).0(x,9)]/[X Oz, y)] (2.2)
Losst = [Y,, U(Vf(z,y) = Vf(z,9).0(z,y)]/[Z O(z,y)] (2.3)

where f(z,y) stands for the image, warped from the target image f(z, ) using the
optical flow vector over the non-occluded region, O(x,y). While Loss}, is derived
with image brightness, Lossz is calculated using the gradient of the image. Loss,
is computed using the Charbonnier penalty function ¥(s) = /s2 + 0.0012) as
the combination of Loss) and Loss),.

o Smoothness Loss: This loss term, Loss,, is designed to provide a smooth op-
tical flow result, especially on the motion boundaries that frequently coincide
with the image boundaries. While the occluded region has no photometric loss,
the existence of the estimated optical flow vector in the occluded region will be

determined by Loss; [5]. Loss; is elaborated as

LOSS; = Z:Lyy Zdex,ywﬂ ad})P"fwdf(xa y) | e—aladf(z,yﬂ) (24)

Loss; = Yoy Lacny V(| 03P Fruaf (x,y) | e-ol0alew)]) (2.5)

where d; and 93 stand for the first-order and second-order derivatives of the
predicted forward optical flow, PFy,q(z,y), by the CNN, and a controls the
weight of edges, and d indexes over partial derivative on x and y directions over
the image, f. Loss, is computed with the combination of Loss! and Loss?.

o Forward-Backward Consistency Loss: This loss term, Loss,, is designed to mea-
sure the bi-directional motion consistency between two consecutive images [75].
The flow vectors of pixels, visible in both images, must be the inverse of each
other. If one of the pixels is not seen in any of the images, it means that the

unseen pixel is occluded. Loss. computes the Euclidean distance between these
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pixels as

Loss! = 0,000 (I f(2,y) = PFywaf (2, y)" |I) (2.6)
Loss¢ = 0405, (I F(2,9) = PFruaf(x,9)" |I) (2.7)
Loss. = Y ewer(y Lossl 4+ 3, e pyirr Losst (2.8)

where f(7,y) = PFyuaf(z,y) stands for the pixel that is forward-projected into
the image coordinates at time t + 1, and f(z,vy)" = PFyaf(x,7y) represents the
pixel, back-projected into the image coordinates at time t. 05,4 is 1 if the pixel,
f(z,y), is non-occluded.

o Occlusion-Disocclusion Symmetry Loss: Occlusions and disocclusions demon-
strate a symmetry relationship. While already-occluded pixels in f(z,y) at time
t will correspond to the disocclusions at f(z,y) at time ¢ + 1 in the forward
direction, will-be-occluded pixels f(z,y) at time ¢ + 1 will correspond to the dis-
occlusions at f(z,y)" at time ¢ in the backward direction. This loss term, Lossym,

penalizes cases in which the occlusion-disocclusion symmetry relationship is not

valid [75].

2.2.3. Occlusion Detection with Optical Flow Estimation

The effect of occlusion on optical flow estimates is one of the most important
issues that drags the performance to lower levels. It is difficult to establish pixel-level
correspondences while reconstructing the distorted image following the warping process

in optical flow computation.

Occlusion results in pixel occlusion, which impairs the error function and makes
optical flow estimation challenging. To avoid occluded pixels negatively affecting the
non-occluded areas, precise information about occluded areas is essential for accurate
optical flow calculation. Thus, in occlusion detection, the calculation of bidirectional
optical flow is combined with the inclusion of obstructed pixels in the error function.

The mutual reliance of optical low and occlusion calls for a cooperative strategy and
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contends that this has not been carried out as effectively as it may be. This strategy
has led to the development of numerous techniques in the literature in recent years
that estimate the optical flow and the occlusion at the same time. To achieve this,

methods can be broadly categorized into three groups [5]:

o Methods that estimate pixels in occluded regions as constant values and treat the
occlusion as an outlier.

o Methods that ignore the error function in occluded regions and take advantage
of the symmetric nature of the optical flow.

o Intricate structures that can simulate image layering or depth.

The advanced methods, classified as a second group member in the literature,
and explained in the following paragraphs, can simultaneously predict optical flow and

occlusion.

MirrorFlow [75] discusses the occlusion map estimation and optical flow as a
chicken-and-egg problem, and suggests a combined energy formulation and optimiza-
tion technique. Through the estimation of forward and backward flow as well as
occlusion maps, both directions collectively, the method directly makes use of their
relationship and enables them to benefit from one another. It takes advantage of the
forward-backward flow consistency and occlusion-disocclusion symmetry, two impor-
tant symmetry characteristics of the optical flow field and the occlusion map within the
two consecutive images. These symmetry characteristics enable a greater exploitation
of the geometric and temporal information in the two sequential images, in addition to

coupling optical flow with occlusion.

Even though CNN-based models have demonstrated excellent accuracy and ro-
bustness in optical flow computation based on a number of publicly available optical
flow databases, such as the MPI-Sintel [49] and KITTI [50] benchmarks, the majority
of CNN-based optical low methods still struggle with edge-blurring brought on by mo-

tion occlusions. In Parallel Multiscale Context-Based Edge-Preserving Optical Flow
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Estimation With Occlusion Detection (PMC-PWC) method [76], a parallel multiscale
context-based pyramid, warping, and cost (PWC) volume network with occlusion de-
tection for edge-preserving optical flow estimation is presented to address the problem
of edge-blurring induced by motion occlusions. PMC-PWC approach yields improved
optical flow with the noteworthy advantage of edge-preserving, particularly in occluded
locations. For occlusion identification, a parallel multiscale context network is built.
The suggested PMC network refines the occlusion boundaries by extracting multi-
scale context information. An occlusion detection module is created by combining the
PMC network with a context network. The occlusion module is then integrated into a
pyramid, warping, and cost volume network to create an edge-preserving optical flow
model. The combination of edge loss, EPE-based loss, and binary cross-entropy loss,
can supervise the network, and estimate the flow field and occlusions at the same time.
Using a deep network for disparity or optical flow estimate based on FlowNet2 [61],
FlowNet3 [73] elegantly integrates occlusion estimation with depth or motion boundary

estimation, and provides these values clearly as output.

Iterative Residual Refinement for Joint Optical Flow and Occlusion Estimation
(IRR-PWC) [77], which draws inspiration from both residual networks and classi-
cal energy minimization techniques, suggests an iterative residual refinement (IRR)
scheme based on weight sharing that can be integrated with multiple backbone net-
works [47], [65]. It either increases accuracy, decreases the number of parameters, or
even does both. Furthermore, it demonstrates how the accuracy may be increased by in-
corporating bi-directional flow estimate and occlusion prediction into the IRR method.
This method is the inspiration for the PFCNNOcc. The designed CNN model, which
predicts forward and backward optical flow and occlusion using a pyramidal approach
from the input phase to the output, with a novel weight sharing policy, common for

all levels inside the pyramid.

PWOC-3D [78] has specialized on particular issues in a standard scene flow
pipeline. First, it uses a spatial pyramid and warp image features at each pyramid

level using the intermediate flow estimate from the previous level to handle large mo-
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tion. This method is based on the work of PWC-Net [65] for optical flow. To enhance
scene flow estimations, it also suggests a self-supervised method for predicting dense
occlusion maps from images without the need for tagged occlusion data. By reducing
the computational load, this approach is among the first to reason about occlusion

with a single flow prediction and no occlusion ground truth.

To jointly learn optical flow and occlusions, UnSupOptFlowOcc [79] models tem-
poral relationships over many frames. It does this by adding more frames to the
two-frame design suggested in [65]. Then, within a three-frame temporal window, it
estimates optical flow in both past and future directions together with an occlusion
map. The estimated flow fields and occlusion map are used by the unsupervised loss
to assess the distorted images from the past and the future. The technique adds a con-
stant velocity restriction inside the temporal frame in addition to the standard spatial
smoothness constraints. This makes it possible to use temporal information to antic-
ipate optical flow in occluded regions more precisely while reasoning about occlusions

in a rational way.

Large displacements and motion occlusions continue to be problems for the ma-
jority of learning-based models, despite the impressive accuracy and efficiency of optical
flow techniques based on CNNs. MulFeatOptFlowOcc [80] suggests a self-attention-
based multiscale feature learning optical flow computation method with occlusion map
detection, based on PWC-Net [65], to increase the precision and resilience of optical
flow estimation under large displacements and occlusions. In order to estimate optical
flow, it uses the self-attention method to build a multiscale feature learning network.
This model can compensate for the high displacement optical flow by capturing long-

range dependencies.

The normalized occlusion feature map is created by taking advantage of a self-
learning occlusion prediction module. The optical flow in occluded areas is then cor-
rected using the resulting occlusion feature map. A hybrid loss function that combines

the photometric and smoothness losses with the traditional EPE loss is used to guar-
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antee the good performance of the method. The suggested optical flow network is
made more precise and resilient to significant displacements, occlusions, and image

noise thanks to this hybrid loss.

In order to detect and manage occlusion, OccDetProOptPF [81], integrates parti-
cle filtering and optical flow. By extracting the spatial-temporal information, it main-
tains the robustness of the optical low. The ambiguity around the occluded item is
simultaneously addressed by the probabilistic character of the particles. The detec-
tion of occlusion is achieved via controlling an error function, called the sum of the
squared error (SSE), in a local window around the target. Occlusion decision is given
when SSE is bigger than a pre-determined threshold. This is an ad-hoc method that
does not use any CNN model to extract optical flow, occlusion, and segmentation.
PFCNNOcc, the proposed method in this thesis, on the other hand, uses CNN mod-
els to perform all these tasks. Moreover, the states of the occlusion problem are not
explained, and there is no function to find the states of occlusion and their transition
to each other [81]. The method is not compared with the SOTA trackers in the UAV
benchmark datasets [2], [82,83]. That is why the performance of this method is not
well understood. Hence, the way that PFCNNOcc approaches the occlusion problem is
very different from OccDetProOptPF [81] both theoretically and philosophically, and
the PFCNNOcc outperforms the SOTA trackers in the UAV123@Q10fps dataset while
the performance of the OccDetProOptPF [81] is unknown.

2.3. Overview

The SOTA visual tracking algorithms in recent years are notably represented by
the highly effective trackers, explained in [1], [4], [12,13].

According to the assertion made in [12], SRDCF [21] was the best technique
in terms of accuracy and success rates on the UAV123 dataset, which is largely due
to its high fidelity scale adaptation. The performances of MUSTER [84], DSST [20],
STRUCK [22,23] are comparable.
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Therefore, the best trackers created with correlation filters in [12] are SRDCF [21],
MUSTER [84], and DSST [20].

The DL-based techniques in [4] differ from those in [12] in terms of accuracy
and success rates. DaSiamRPN [38], SiamRPN [37], SiamAPN [35] and SiamAPN-++
[39] are the most promising methods, and achieve very high results during tracking

compared to other SOTA trackers.

Based on the literature review on optical flow and occlusion detection, it is ob-
served that the most advanced methods encountered are those capable of simultane-
ously detecting optical flow and occlusion with high precision and accuracy. These
methods are designed to leverage the symmetry property of optical flow, based on
supervised learning. Particularly, algorithms based on the process of improving the
total error, resulting from predicting optical flow and occlusion at each pyramid level
of the newly resized images, and refining these predictions in the DCNN model, have
been found to achieve high success rates. The bidirectional estimation of optical flow
(forward and backward flow) further enhances the performance of these methods. In
the PWC-Net method [65,66], the approach mentioned above is applied successfully
for optical flow estimation, utilizing the same DCNN model with different model pa-
rameters learned at each pyramid level. However, this leads to a significant increase in

the number of parameters, posing challenges for real-time implementations.

Despite the high number of parameters, considering the accuracy of the optical
flow simultaneously performed end-to-end, the PWC [65,66] has served as a reference
for many occlusion detection methods based on optical flow. In this context, one of
the most prominent methods in the literature is the Iterative Residual Refinement
PWC (IRR-PWC) approach [77]. As the name suggests, it integrates PWC [65, 66]
approaches with iterative residual refinement. The most significant difference between
the IRR-PWC [77] method and the PWC approach [65,66] is that all DCNN model
parameters used for optical flow and occlusion are shared across all pyramid levels.

This reduces the number of parameters and enables real-time processing.
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3. PFCNN : PARTICLE FILTER WITH CNN METHOD

The first and baseline visual object tracking algorithm in this thesis, the PFCNN,
is designed with the combination of a particle filter [85] and a CNN classifier [6], and
this novel method is elaborated in this chapter. To demonstrate the effectiveness and
the superiority of the PFCNN, the APF [7-9] is simulated for tracking purposes, and
the results are compared with those, obtained by the PFCNN to prove that the class
probabilities from CNN, used to update the weights of the particle filter in the PFCNN,

mimic the behavior of auxiliary weights in the APF.

3.1. PFCNN

3.1.1. Introduction

Here, we present a novel approach that combines the particle filter with a CNN
model to achieve robust tracking against changes in scale, aspect ratio, target motion,
visual model, and rotation. This approach is inspired by the concept of the tracking-
by-detection based DL methods [4], the particle filter and the combination of the CNNs
with the well-designed dense sampling algorithms. These concepts constitute the main

idea that gives rise to the design of the PFCNN.

In the PFCNN, particle filtering produces particles as bounding box samples of
the parts of the vehicle, dispersed in a proposed region surrounding the last known
location of the target. The part of the vehicle stands for the section of it that the
tracking process is based on. By calculating the distance between the characteristics of
these bounding boxes and the reference bounding boxes, which fully describe the parts

of the tracked object in the image, the probabilities of these particles are assessed.

The “Tracker and Estimator” and the “Feature Extractor” are the two primary

modules that make up the PFCNN as shown in Figure 3.1. The modules for par-
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ticle sampling, particle scaling, object state estimation, and unification make up the
“Tracker and Estimator” module. The “Feature Extractor” module consists of a CNN
that is used to extract features and to determine class probabilities from the sampled
vehicle images, and it is trained using a low-altitude UAV dataset. As understood from
the overall method, shown in Figure 3.1, “CNN Model For Class Probability ” module

is utilized to compute the class probabilities of the sampled bounding boxes.

The PFCNN makes the following three contributions:

o A mechanism for rescaling particles against changes in scale and aspect ratio
is designed. Tracking under scale and aspect ratio variations is enhanced by
implementing a particle rescaling technique in which each particle is resized with
a different aspect ratio.

e A new structure that mimics the APF [7-9] is obtained by completely integrating
the CNN model with the particle filter. State variable estimation is unquestion-
ably improved by supporting the weight update process of particle filter with the
class probability scores of the particles.

o The unified multi-part vehicle tracking framework is created where several track-
ing agents can function independently, and produce estimates during the particle
sampling phase. During the estimation stage of particle filtering, the individual
estimates for the parts are aggregated to get a final bounding box estimate for

the whole vehicle.

The first fully connected layer of the CNN model is where the features of the
cropped images corresponding to each sampled bounding box are extracted from.
Through complete integration of the particle filter with the CNN model, the weight
update of each particle is supported by the class probability of the CNN model; as
a result, the integrated structure resembles the APF [7-9]. Thus, a potential error
in the particle likelihood probabilities is corrected. During rotation and fast motion,
the aspect ratio of the vehicle changes abruptly while the motion vectors of the front

and back parts of it show different directions. To be able to keep track of the diverse
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movement of the vehicle and to improve tracking performance against rotation and
fast motion issues, this process is individually applied to different parts of the vehicle

during tracking.

Variations in scale, aspect ratio, and visual model are other problems that require
an online visual model update mechanism. We suggest a reliable technique that rescales
every particle while sampling across the suggested region. As a result, the width
and height of each bounding box vary, reflecting the many scale and aspect ratio

modifications that the target is exposed to.

The particle, linked to the bounding box with the highest class probability, is
chosen based on the class probabilities of the sampled bounding boxes, which are
determined by the CNN model. Then, the weight of the particle is updated, and the
state estimation is achieved in the particle filtering. Finally, the unification module
updates the reference feature for both parts, determines the ultimate scale parameter,

sP, along both axes, and unifies the final estimates of the parts.

The tracking performance against size, aspect ratio, rotation, and visual model
fluctuations is enhanced by the particle rescaling and unification techniques. In the
UAV123@30fps dataset [2], the experiments are conducted on vehicle image sequences
that include significant differences in scale, aspect ratio, viewpoint, target motion, and

rotation.

Depending on the scenario or attribute-based evaluation results, given in Section
6.1, the experimental results demonstrate that the PFCNN outperforms all or most of
the SOTA trackers and achieves good precision and success scores. The superiority in
performance is due to the particle rescaling scheme, unified multi-part tracking, and the
support of the class probability from CNN in the weight update process by mimicking
the APF. To refine the estimate of the box size consistently, the final bounding box is
rescaled into several candidate boxes with various scale values at that stage. The CNN

model determines the class scores and features of each candidate box.
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The class score of each box is then used to weight the similarity distance between
the reference box feature and the recent box features in a way that resembles the APF
[7]. The “Unification” module places the PEFCNN among the best SOTA trackers and
enhances the standard particle filtering performance against changes in scale, aspect

ratio, target motion, and visual model.

In Section 3.1.2, SIR particle filter is explained in detail. The architecture of
PFCNN is elaborated in Section 3.1.3. The PFCNN is tested for a subset of the
UAV123@30fps dataset [2] which does not include the image sequences with occlusion
and out-of-view problems, and compared with the SOTA tracking methods in terms
of precision and success rate in Section 6.1. In Section 3.1.5, a comprehensive analysis
is carried out to find the best performing method between the SOTA trackers. The
analysis consists of scenario-based, attribute-based and overall comparisons, and sum-
marizes the pros and cons of each method. Finally, in Section 3.1.6, concluding remarks
based on the analysis covering the SOTA methods are presented and the possible areas

of future work are summarized.

3.1.2. Theorical Background of PFCNN: SIR Particle Filter

In this section, theoretical background of PFCNN is elaborated. PFCNN was
created based on the Sequential Importance Resampling (SIR) particle filter [85, 86].
To fully comprehend the contributions of PFCNN against conventional SIR filter, the

SIR filter derivations will be summarized.

SIR particle filter presents a recursive solution to estimate the state variables
of a system under non-linear and/or non-Gaussian environments. To utilize the SIR
particle filter, the process and measurement equations of the state-space model for the

specific system should be defined as

Xy = AXt_1+Vt (31)

Zy — CXt + 1y (32)
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vi ~ noisePDF,,,. (3.3)

ry ~ noisePDF,, ... (3.4)

where x; and z; are unobservable state variables and measurement vectors at time t.
The process equation is used to predict the state variable at time t, and A is the transi-
tion function /matrix, and the measurements are updated using the measurement equa-
tion as explained in Equations (3.1-3.4) by utilizing the measurement matrix C. vy and
ry are the vectors of process and measurement noise processes, respectively, sampled
from noise probability distribution functions (pdfs), noise PDF,,,. and noisePDF,cqs.
For the systems that can be modeled with linear equations as well as Gaussian dis-
tribution, the SIR particle filter boils down to the classical Kalman Filter [85]. As
stated in [85], the aim is to estimate joint posterior probability density function (pdf),
(p(T4=0:t|2t=0.)), or marginal posterior pdf, (p(z¢|zi=0..)). Here t = 0,1,2,...,T is the
discrete time index. State variables are estimated using the measurements, which are
noisy versions of the state variables. During the estimation process, the posterior pdf
of the state variables at time ¢ is approximated as the weighted sum of delta functions
located at the position of drawn particles, representing each sampled state variable,

as [85]

M
P(To4—1]20:4-1) = Zwt—l,j5(iﬁ0:t—1 - xO:t—Lj) (3.5)

j=1
where 7 is the particle number, and M is the total number of particles. The weights,
w15, for each particle at time ¢ — 1 are computed using the joint posterior evaluated

at the jth particle, p(zo. |20.), and the joint importance density, q(zo. ;|20:¢), as

p(xO:t,jl'ZO:t)

4(wo,5|704) (3.6)

Wt ; =
In Equations (3.5,3.6), d(zo.t—1 — Zo:t—1,;) shows the delta function at the position of
the jth particle up to time ¢, and w;_; ; and w, ; are the weights of jth particle at time

t — 1 and t, respectively. The weights for all particles should sum to one.
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To understand the significance of the importance density selection, the Bayesian

theorem [85] is used to derive the joint pdf recursively as given below

p(x,z) = p(x[2)p(2) = p(z|z)p(x). (3.7)
To establish a recursive weight update equation, it is required to factorize both pdfs

into a product of other pdfs. Hence, the joint posterior can be calculated by Bayes

theorem using the posterior from the previous time instant ¢ — 1 as [85]

P2t | Ty )P\ Tt | Ty —
( tl t) ( t| t 1)p(1}0:t_1|20:t—1)

p(o:|z0:) = (2| Z0:0-1) (3.8)

08 p(zt|xt>p(xt’xt—1>p(x0:t—1|ZO:t—1)

where, p(z;|z;) is the likelihood, p(z¢|x; 1) is the transition density, and p(zo.t 1|20+ 1)

is the joint posterior pdf at time t-1.

By making an assumption similar to the Markov property. Joint importance

density can be represented as

Q($0:t|2’o:t) = Q(xt ’$o;t—17 Zo;t)Q($0;t—1 |ZO:t> (39)

= Q<xt’x0:t—17 ZO:t>Q<x0:t’ZO:t—1>

where q(x¢.¢|z0.) is the importance density at time t, and q(xo,_1|20.¢) is the distribution
whose state variables from previous time is conditioned on the measurements, updated

up to present time.

Then, as in [85], the weight of the jth particle, w; ;, at time ¢ can be written in

a recursive form as

L p(ze|we )p(we sl 15)p(T0:-15]20:4-1)
" Q(xt,j|xt—1,j>Q<x0:t—1,j|ZO:t—1>
p(2e|zey)p(2e jlTe1 5)

q(wy,j|we-1,)

(3.10)

= Wg—1,5

One possible choice for the importance density, q(x;;|x;—1;), is the prior density,
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p(xy;]Ti-14), in this case, the weight update equation simplifies to [85]

wyj = Wi (2| T ). (3.11)
But it is not a perfect choice for the importance density because the prior density
does not utilize the observations. At this point, it should be clarified that the PFCNN
is designed based on the SIR particle filter, but some different features separate the
PFCNN from the SIR particle filter, since PECNN is a hybrid method that combines
CNN with the SIR particle filter. The details about the architecture of the PFCNN

will be elaborated in the next section.

3.1.3. Architecture of PFCNN

The goal of this method is to track a vehicle in low-altitude UAV videos while
dealing with extreme visual issues such as fast motion, sudden rotation, size variation,
aspect ratio shift, and visual model modification. A method whose high-level design is
displayed in Figure 3.1 is offered to accomplish the successful target tracking against
challenging scenarios. The “Tracker and Estimator” and the “Feature Extractor” are
the two primary modules that make up the PFCNN. The modules for particle sam-
pling, particle scaling, object state estimation, and unification make up the “Tracker
and Estimator” module. The CNN used to extract features and to determine class
probabilities from the sampled vehicle images is called the “Feature Extractor” and
was trained using a low-altitude UAV dataset. Class probabilities are incorporated
into the weight update of the particles to give a more effective sampling process and,
thus, more accurate state estimates. The class probabilities can be interpreted as the

auxiliary weights, utilized for the performance enhancement of the APF [7-9].

The ground truth values from the UAV dataset are used to individually initialize
the state variables for N distinct vehicle parts at the first iteration of the particle
filter, as shown in Figure 3.1. Following initialization, the “Feature Extractor” receives
the bounding boxes that the sampled particles represent. This generates and saves
reference features that are specifically designed to determine the likelihood probabilities

of the particles in the next iteration.
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Target tracking is handled by the “Tracker and Estimator” after initialization,
which makes extensive use of the sampling strategy of the particle filter at the beginning
of each iteration. As seen by the various colors in Figure 3.1, the bounding boxes
surrounding the vehicle are made up of several particles that are independently sampled
around their last known or estimated location for each part of the vehicle. Due to the
challenge of visualizing N parts in Figure 3.1, the two-part processing of the PFCNN

is depicted without loss of generality.

The best bounding box for each part is then determined by rescaling each proposal
to several bounding boxes using a scale parameter, sP, in the “Particle Rescaling
” module. Once the class probabilities are computed by CNN, the proposal with
the highest class probability is selected as the best bounding box. Finally, using the
likelihood and the class probabilities, the weight of each proposal is updated. The

introduction of the class probabilities in the weight update improves the performance

of the particle filter, as does the introduction of auxiliary weights in the APF [7-9].

The object state estimation module performs the independent estimation of the
state variables of the different parts. Updating the target model with the running aver-
age of the current and past values of the previously stored reference features is another
important feature of the object state estimation module. The vehicle is estimated as
a whole object by unifying the estimated bounding boxes of various parts in the inno-
vative unification module, which comes after object state estimation. To fine-tune the
projected box size consistently, these boxes are rescaled into several candidate boxes

with different scale factors.

The ability of the particle filter to sample multiple bounding boxes surrounding
the last known or estimated location of the target makes it an immanent region proposal
structure. Thus, its robustness against non-linear target motions is not the only reason

to use it as an estimator in the PFCNN.
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3.1.3.1. Initialization and Particle Sampling. The objective of this module is to

properly configure the particle state variables and accomplish appropriate sampling by
the particle filter for every part of the object. The process and measurement equations
of the particle filter are given in Equations (3.1-3.4), where xi, i = 1,2,3,..., N, is
the state vector at time ¢, and of size N that is the number of parts. x| includes the
location, velocity, and the dimension of the bounding boxes along x and y coordinates.
z! is the measurement vector at time t. In the proposed method, A and C are accepted
as identity matrices, and the noise terms, v¢ ~ N(0,07,,.) and ry ~ N(0,07,,,), are,

respectively, sampled from i.i.d. normally distributed probability distribution functions

(pdfs), shown in Equations (3.1-3.4).

Initialisation and Particle Sampling Module

|| t=t+1 'I‘

Unification
Fine-Tuner

Feature
Extractor

Frame at time t

Initialize The State
Variables
xl=1:Nl

Eq. (3.12

Sample
sELNj=1:M
Egs. (3.1-3.4

3.12&)

Tracker and Estimator

1st  Particles 2nd y Particles Mth  Particles

Unification
Final Scale
and
State Estimator

Figure 3.2. Initialization and particle sampling.

The random walk model provides the basis for the formulation of the process
equation given by Equation (3.1). Figure 3.2 makes it clear that the particle state
variables for different parts of the vehicle are initialized separately. Vehicles can be
divided into N parts, and multi-part processing of the vehicle helps keep track of

aspect ratio, abrupt rotational changes, and fast motion.
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(3.12)

The user initializes state variables in the first iteration, and the ground truth

table is used to read the location and dimension data of the entire vehicle.

These

values are then computed for each part of the vehicle based on its orientation in the

scene (i.e., the magnitude of its height and width). If N, the number of parts, is chosen

as two, the box is split into two parts from the side with the larger magnitude.
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After setting the initial values for the state variables for N parts, particles are
drawn using the process equations given in Equations (3.1-3.4) and (3.12), and are sent
to the “Particle Rescaling” module. In the meantime, the reference features for each
part are extracted using the CNN model, as will be elaborated in Section 3.1.3.3, and

will be used to calculate the likelihood of particles in the next iteration.

Without knowing the next maneuver of the vehicle, it might be challenging to
identify the visual changes brought on by abrupt changes in scale, aspect ratio, fast
motion, and rotation when viewing the vehicle as a whole. However, by processing N
parts separately, it will be simple to adapt to aspect ratio variation, abrupt rotational
changes, and fast motion; therefore, the final estimates for the entire vehicle will be

based on the location, velocity, and dimensions of the bounding boxes of N parts.

3.1.3.2. Particle Rescaling. Despite the special design of the particle filter to work

in nonlinear environments, it is difficult to accurately track the complex uncertainties
introduced by sudden scale changes brought about by video camera zooming, aspect
ratio variations brought by rotation, and fast motion. Additionally, the possibility to
determine the optimal bounding box size of each particle for each part is increased
by rescaling each particle by using a scaling parameter that varies incrementally with

several times, defined before the iteration.
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Sampled particles by rescaling function are found as

[Slllv 51127 sy SllK]
[82117 52127 sery S2lK]

[Sllwh Sll\42> ceey Sll\/[K]
(S, Sty -y Stk
[82217 52227 seey 522K]

S=§i, = (3.13)

[5%417 5%427 000 SJZ\/[K]
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[S]\]\}D S]\]\/[[2> ES) SJ\]\/[[K]

where SI=1% o1k 0= 1,2,.,N, j=1,2,.., M, k= 1,2, ..., K refers to all bounding
boxes sampled independently for all particles sampled for each part, and thus, is a
matrix of dimension NxMxzK. M stands for the total number of particles, NV is the
total number of parts, and K is the number of rescaled bounding boxes for a particle,
sampled for each part as shown in Figure 3.3. Following the application of M sampled

particles for each part to the particle rescaling function, class scores of these particles
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for the specific parts, P(featuresgi . | class;) or ij, are calculated by CNN as
7, )

P(featuresgi | class;) =CNN( J’k)
) , (3.14)
Py :P(featuressj’k | class;)

where class; stands for reference class ID of ¢'th part of the vehicle. The optimal
bounding boxes or particles for sampling M particles, ;z}ﬁ, are then found as

bestBoundz’ngBoxes;- :idx(Pj’;k = max(f’;k))

best Bounding Box}
best BoundingBox}

best BoundingBox},
best Bounding Box?
best Bounding Boxs

(3.15)

best Bounding Box?,

determine...

best Bounding Box

best Bounding BoxY

_bestBoundingBoxﬁ_
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based on class scores or so-called class probabilities, which indicate how much these
particles belong to those particular parts as illustrated in Figure 3.3. The best, rescaled
particles are then delivered to the “CNN Model For Class Probability” module in order
to determine the class probabilities of these particles to be input to the “Object State

Estimation” module as

i=1:N

P(featuress;;jizjgl | class;) = CNN(S7Ziw)
| (3.16)

P}zllf]\]\} = P(featuress;;jizx[ | class;)

which is elaborated in Section 3.1.3.3. It should be stated that there is a trade-off
between the computation cost and the estimation accuracy when deciding on K and
N. The likelihood of estimating the sP correctly increases as K and N get higher

values at the expense of higher computation cost.

To seamlessly estimate the scale or aspect ratio adjustments, sPs at the par-
ticle rescaling function, as depicted in Figure 3.3, are established using increasing or
decreasing steps. Small-scale and aspect ratio changes in the target are overlooked dur-
ing tracking for the high sP values. The degree of severity of the scale or aspect ratio
fluctuations greatly influences the value of sP. The particles can therefore determine
whether there is a scale or aspect ratio fluctuation and the extent of these variations
along both axes by using a scaling mechanism, as suggested above. The procedure is

repeated until the required number of iterations is completed.

3.1.3.3. CNN Model. The CNN model is utilized in the PFCNN for feature extraction

and class probability computation. P(features St | class;) or P]’ i 1s utilized by particle

rescaling in Equation (3.14), and P(featuresgi—ix | class;) or Pi={:}; in Equation
Jj=1:

(3.16) is customized by the unification module and object state estimation module,

which is controlled by the particle filter.

The VGG16 CNN model [87] is tailored as the CNN model in PFCNN. It has

already been trained using the Imagenet dataset [88], and refined by transfer learning
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using the UAV123 dataset [2] for PECNN. Only the final two fully connected layers,
which store the high-level properties of vehicles, are updated throughout training; the
weights of the shallow layers of the VGG16 are fixed. The output layer is changed to
categorize the samples into only five different classes, such as 1. boat, 2. car, 3. half
boat, 4. half car, and 5. background. The reason to add the background class is to
be able to classify the sampled bounding boxes that do not include a car, a bot, and
half of them correctly. If the background class is not added to the training dataset, the
CNN model will not learn the background and will classify the samples into just four
classes, even if the sampled bounding box includes only the scene from the background.
Hence, this situation affects the correctness of class scores that are utilized to update
the weight of particles in the particle filter as well as the reliability estimation of the

state variables of the tracked target negatively.

To extract a reference feature and estimate a class probability for each distinct
part at the end of each iteration, the CNN is trained using half of a boat and half of a
car. The weight update mechanism of the particle filter uses the reference features as
measurements. Additionally, the CNN model is designed to determine the class proba-
bilities of each rescaled particle in the “Particle Rescaling "and “Unification "modules
in order to determine the optimal bounding box that best represents the particular

particle.

The CNN output for a sampled particle is a vector containing probabilities for
four object classes, and the sum of these class probabilities equals 1. The weight
update process of the particle filter is evolved using these class probabilities as auxiliary

weights, which will be elaborated in Section 3.1.3.4.

3.1.3.4. Object State Estimation. The foundation of the PFCNN is object state es-

timation. This module simulates the APF [7-9] by combining a CNN model with

an SIR particle filter [85,86]. The CNN model at the final step of Figure 3.3 com-
=1:N

putes the class probabilities, namely, P( featuress;ji% | class;) or Pf:l;M- During

the weight update process, the particles are generated in the regions with high like-
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lihood, reducing large variances in weights. Consequently, the state estimates are
more accurate and the sampling process is more effective. The likelihood probabilities,

p(feature, (SIZ1)) | ref Feat,(part)'), for each particle of each part are calculated as

p(featuret(Sj’ V) | ref Feat,(part)') =

| (3.17)
N(ref Feat,(part)="" — feature,(SiZ} 0200

meas

where these likelihoods indicate how similar the extracted features feature,(SIZi}))

are to the reference feature for each part, refFeat;(part)’='"" which was extracted
by the “Feature Extractor-CNN Model For Feature Extraction” module as shown in

Figure 3.4.

The state estimation is carried out as follows: P( featuresS¢:1;N | class;) or
Pi={i; are fed to the “Object State Estimation” module as shown in Figure 3.4 from
“CNN Model For Class Probability”at “Particle Rescaling” module in Figure 3.3. Then,

the weight update equation is given as

wy ity =wiy iy * p(feature (S0 | ref Featy(part)’) (3.18)

x P(feature,(SiZ1;) | class;).

Here, the weights at time ¢, w! jl N r, are updated for all particles, j, for each part, i,

using the class probabilities and likelihood. Figure 3.4 illustrates how the estimated

values or vector for the state variables for each part, i, at time t, xEsti=1V

, are
computed and passed to the “Unification” module for the unification process following

the weight resampling.

Thus, at this point, the proposed PFCNN method differs from the conventional
SIR PF. The additional term, namely, p(z|z;, class) or P(feature,(SIZ13;) | class;)
is referred to as the class probability, and is calculated by CNN. It quantifies how much
the object inside the sampled bounding box resembles the class of reference observation,

z or feature,(Si=}:};) at time t. By including p(z|zy;, class), in other words, the class
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score of jth particle, the likelihood, p(z/|zy ;) or p(feature,(Si=i:Y;) | refFeaty(part)),
is supported. As a result of this, the meaningful particles are resampled more, and they
are used to sample more particles around the area where the presence of the target is
much more probable in the following iteration. Hence, this additional term acts like
the auxiliary particle of the APF [7-9], and is used to reduce the imprecise estimation,

caused by the significant variances that the particle weights encounter.

3.1.3.5. Unification. The “Unification” module, depicted in Figure 3.5, is intended to

amalgamate the part estimates, computed by the “Object State Estimation” module, as
illustrated in Figure 3.4. The three distinct sub-modules that make up the unification
process are illustrated in Figures 3.6, 3.7, and 3.8 are referred to as “Fine-tuner”,
“Final Scale and State Estimator”, and “Reference Module Calculator”, respectively.
The estimated bounding boxes for each independent part, ¢, are resampled into f,

f=1,2,3,..., F, number of bounding boxes as detailed below

XESti:fl::]lYF = xBEsti=" 4o fl Ve
T (3.19)
Tz,f = N(07 0-2 )

meas

to fine-tune each estimate for each part, ¢, at time ¢ in the “Fine-Tuner” shown in

Figure 3.6.

As seen in Figure 3.6, the bounding boxes are then input into the CNN to
determine their class probabilities, P(feature,py: =y | class;), and their features,
feature, Estimin - The bounding box scores for each part, scorel fl N, are determined
by multiplying their class probabilities by the similarity score, P(feature, BstislN |

refFeat,(part)=1), which is computed between their features and their reference

features as

score. fl LF —P(featuremEstz LN | ref Feat,(part)="")x 3.20)

P(featuremEsti’:fl:;zlv:F | class;).
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This computation is accomplished using the same methodology used in Equation
(3.18) for the weight updating procedure of the particle filter. The optimal bounding
box, as a fine-tuned estimate, zEst'7}", for each part, 4, with the highest score, is

chosen as the last step of the “Fine-Tuner”, as

idx :(scoreij}:l\fp = max(scoreij}::]l\fF)) (3.21)
xEstﬁ}jN :xEstijci%x

where idx refers to the index of the best bounding box for each part. “The Scale and
Final Estimator”then receives these refined estimates for each part, combining them
into a final estimated bounding box for the entire vehicle, as shown in Figure 3.7. First,
using the refined estimates for each part, an initial bounding box or all-in-one estimate

is unified, and its position and dimension along both axes are computed, as

rEstAll yroc = min(zE Stﬁ,ijg]g\]mc

)
xEstAll; yro. = min rEst' TN )
Y futt (3.22)
xEstAlly »pestBozDim = max(:cEstﬁéiivLoc) — 2 EstAll; 4 Loc
(

v EstAlly ypest BoxDim = MaAT xEstﬁ%iéVLoc) — s EstAlly y1oc-
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Then, using a function O(t, zEstAll') as described in Figure 3.3 with sP=0.05, the
initially unified bounding box or all-in-one estimate is rescaled into L? number of
bounding boxes, RS;;,l = 1,2,..,L?. L refers to the number of the different scale
values for z and y axeses. Hence, the total number of combinations for the application
of scaling to both axeses of the unified bounding box equal to L?. This is done in order
to determine the optimal bounding box under extreme variations in scale, aspect ratio,

target motion, and rotation, as parameterized below

RS = RS, = O(t,vEstAll"). (3.23)

Finally, the best sP and dimensions for the unified bounding box with the highest

score are chosen as the final estimate for the entire vehicle as follows

scorey—1.p2 =P(featurers, | ref FeatAlly) = P(featurers,, ., | classunotccar)

J1=1:12

idx =(score; —1..2 = max(score,_1.12)) (3.24)

rEstAllFinaly =RS; 1—ida

where the scores, score;;—y.r2, for each rescaled bounding box, RS;;,l = 1,2,.., L?, are
computed as the last step, and idx refers to the index of the best bounding box for the
whole vehicle in other words the final estimate of the bounding box. The procedure to
update the estimate of the state variables and the reference features of the parts for the
subsequent iteration is given in Equation (3.24), and is illustrated in Figure 3.7. The
“Reference Model Calculator”is fed by the best sP and the values for the estimated

state variables of the unified vehicle.

The reference feature for every part is determined in the “Reference Model Cal-
culator”, as illustrated in Figure 3.8. The parts are modified in accordance with the
proportions of the whole vehicle. The unified bounding box is divided horizontally
from the middle if the height of the vehicle is greater than the its width; if not, the

box is cut vertically from the center.
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The final reference feature model for each part, refFeatMat't] \, is then calcu-

lated as the moving average of the reference features from the past as

classProbVect:_ .y = [p(featurezEstFmalét:?):N | class;)]

refFeatMat!_, y = [featurezEstFimlz(-tz‘l):N] (3.25)

refFeat'*] v = norm(classProbVect'_, )" * norm(ref FeatMat'_,.y))

1=

where norm stands for the normalization. This is done by first calculating the reference
features matrix, ref Feat Mat!_,.,, and the class probability vector, class ProbVect'_; y,
for each part using outputs of the “CNN Feature Extractor’module. Additionally, the
“Object State Estimation”module and the “Fine-Tuner”receive the updated reference
features, which serve as a benchmark for the estimate. As shown in Figure 3.8, the
state variables are updated with xEstFinali="" in the interim and provided to the
“Initialisation and Particle Sampling”module to sample the new particles in the fol-

lowing iteration.
3.1.4. Experiments

Aerial image sequences from a low-altitude UAV are used to build the UAV123
30 fps dataset. It contains 123 video segments totaling to 111.578 frames, each of
which is shot for a very distinct scene. According to [12], the video sequences feature
a wide range of objects, including people, cars, and boats, and the visual issues they
provide are quite varied. Aspect ratio variation, background clutter, camera motion,
fast motion, full or partial occlusion, illumination change, low resolution, out-of-view,
similar object, scale variation, and viewpoint change are some of these issues. As
ground truth, bounding box data is annotated and entered into text files for CNN

training and performance assessment during tracking.

Only the image sequences of the cars and boats, labelled with “YES” in Table
3.1, are tailored to fine-tune CNN, and to test the tracking performance of the PFCNN.

Those that contain severe full/partial occlusion and out-of-view problems, which are
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out of scope of this chapter, are excluded. These will be considered in Chapter 5.

Therefore, the specific image sequences including sudden scale variation, aspect ra-

tio change, and rotation problems, as well as fast motion, viewpoint change, similar

objects, and illumination variation, are particularly selected from the dataset.
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3.1.4.1. Particle Filter and CNN Training. The PFCNN achieves the highest tracking

performances in the visual object tracking literature when compared to the best SOTA

trackers, as demonstrated in [4], [13].

The evaluation method is supposed to be one pass evaluation (OPE) criterion,

and measurements are taken from the start of the image sequence to the finish. There

are numerous measures to assess the performance of visual trackers, with success and

precision rates being the most commonly used in the literature. These metrics are

based on the SOTA benchmarks [4], [15].

Table 3.1. Selected UAV123 image sequences for testing.

Name Of | Start | Stop | Is | Scale F‘;gzz‘ Low Fast Full | Partial |Out-Of- [llumination|Viewpoint|Camera | Similar
Sequence Frame | Frame |Tested? |Variation Chaﬂge Resolution | Motion (Occlusion|Occlusion| View Variation Chaﬂge Motion Objeﬁf
boatli | 1 | 901 | YES
boatz | 1 798 | YES
boat3 | 1 901 | YES
boatd | 1 553 | YES
boats | 1 505 | YES
boaté | 1 B05 | YES
boat7 | 1 535 | NO
boats | 1 685 | NO
boat9 | 1 | 1398 | NO
carl 1 | 1 751 | YES |
carl 2 | 1 B77 | NO '
carl 3 | 1 50z | NO | '
car2 1 | 1321 | nO
card | 1 | 1m7 | ves |
card 1 | 15 | NO
cars 1 745 | YES
car6 1 | 1 | 487 | YES
car62 | 1 | 1321 | NO
car6 3 | 1 | 1147 | YES |
car6 4 | 1 973 | YES
car6 5 | 1 937 | NO _
car? 1 | 1033 | nNo |
car8 1 1 1357 | YES |
carg 2 | 1 | 1219 | YES
car9 1 | 1879 | NO
carl0 | 1 | 1405 | YES
carll 1 337 NO
carlz | 1 | 499 | NO '
car13 | 1 | 415 | nNO |
carld | 1 | 1327 | NO
carls | 1 | 469 | NO
carl6 1| 1 | 415 | NO |
carl6 2 | 1 | 1579 | YES |
carl7 | 1 | 1057 | NO
carls 1 | 1207 | YES |
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Figure 3.9. Performance metrics.

Figure 3.9 shows both measures. The area under the curve (AUC) is used to
parameterize the success rate, which is determined by computing the percentage overlap
between the estimated bounding box and the ground truth. Conversely, the precision
rate is determined by measuring the separation between the centers of the ground truth
data and the predicted bounding box. In this thesis, 20 pixels are taken as the reference

since 20 pixels are commonly used in literature [4] to parameterize the precision results.

The working group websites [2], [4] provide the test results of the SOTA trackers
against the image sequences in Table 3.1. Using a GPU and a lot of RAM, the PFCNN
was trained and evaluated in the Google COLAB Pro environment. M = 250 (number
of particles), N = 2 (number of parts), K = 9 (number of rescaled bounding boxes),
F = 25 (number of fine-tuned estimates for each part), and L? = 121 (number of
rescaled unified bounding boxes along both axes) are the pre-set hyperparameters of

the PFCNN during experiments.

Variance for the process noise added to the location state variables is o> =

proc,loc
300, and 013 = 5. The variance of the velocity is also utilized as a little jitter to

roc,vel

sample the fine-tuned particles of estimations for the parts of the vehicle. Variance of

the measurement noise is taken as o2,,,, = 0.00001. Variance for the process noise is
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added to the velocity state variables, to avoid an excessive computational load and to
adequately sample the area surrounding the target, the number of particles is optimally
chosen as M = 250. To improve the PFCNN’s resilience to high, non-linear dynamic

motions of the targets, the variance of the location, 012, is chosen extremely high.

roc,loc?

VGG16 model is trained using Tensorflow backend of Keras API [89], and data
augmentation is accomplished using a built-in function in Tensorflow. ADAM [90] is

tailored as the optimizer with the following parameters: ¢ = 1e~07, batchsize = 64,

learning_rate = 0.00001, 51 = 0.9, 52 = 0.999.

The suggested approach operates at about 0.1 fps. The tracking performance
improves as the number of particles increases, in the expense of increased computational
load. 250 particles were used during sampling to obtain the results, which will be
elaborated in Section 6.1. Moreover, it is confirmed that the algorithm takes about

two seconds to sample 50 particles and produce a final estimate.

3.1.5. Discussion

After DaSiamRPN [38], the PFCNN has the second-best overall precision and
success scores [38]. It outperforms the best SOTA trackers like DSST [20], SRDCF [21],
MEEM [24], and STRUCK [22,23] in [12], [4,13]. In particular, the overall success score
of the PFCNN is nearly identical to that of the ECO.

The top-performing overall precision and success scores of the PFCNN are a result
of the innovative scale estimation algorithm, the reference model calculator mechanism,
the robust sampling approach, and the precise visual features of the PFCNN. The
PFCNN produces extremely promising results for the uncommon partial occlusion and
out-of-view sequences, while not being built against these scenarios, which include the
occlusion and out-of-view visual difficulties. Furthermore, the PFCNN demonstrated
remarkable resilience to changes in scale, aspect ratio, fast motion, camera motion,

viewpoint, and similar objects on the scene.
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3.1.6. Conclusion

The PFCNN focuses on resolving abrupt changes in scale, aspect ratio, visual
model, target motion, and rotation for vehicle tracking in low-altitude UAV videos.
The PFCNN, which combines a CNN and a particle filter, is robust to rotation, scale
variation, changes in aspect ratio, fast motion, camera motion, viewpoint changes, and
the existence of similar objects in the image. This new structure mimics the APF [7-9].
The particle rescaling module, which supports the core structure of the suggested
technique, resizes each particle with a different aspect ratio to enhance tracking under

scale and aspect ratio fluctuations.

The PFCNN also introduces the concept of a multi-part tracking framework to
provide robust tracking against sudden rotations and fast motions. During rotation
and fast motion, the aspect ratio of the vehicle changes abruptly while the motion
vectors of the front and back parts of it show different directions. To be able to keep
track of the diverse movement of the vehicle and to improve tracking performance
against aspect ratio variation, abrupt rotational changes, and fast motion issues, this
process is individually applied to different parts of the vehicle during tracking. Because
of this, it is simpler to spot sudden variations in scale, aspect ratio, and rotation for
parts than to spot them for the entire vehicle. In the last step, the “Unification”module
estimates the final scaling parameter of the unified vehicle instead of the parts, updates
the reference visual model of the parts, and resets the state variables that correspond

to the width and height of the parts using the estimated sP.

The novel scale estimation scheme, the reference model calculator mechanism of
the “Unification”module, the strong sampling strategy of the particle filter, and the
accurate visual features provided by the CNN model are all key factors for the su-
periority of the proposed method over the UAV123@30fps dataset according to the
overall precision and success results. While PFCNN is not developed against the im-
age sequences which contain occlusion and out-of-view visual challenges, it gives very

promising results for the rare partial occlusion and out-of-view sequences. Additionally,
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the PFCNN shows exceptional adaptability to variations in view-point, fast motion,

camera motion, scale, aspect ratio, and similar items on the scene.

For the time being, PFCNN outperforms all benchmark trackers in [4], [12, 13]
explained at Sections 2.1.1 and 2.1.2, and shares the top-2 ranks with the DL based
methods such as DaSiamRPN [38], explained in Section 2.1.2.3.

3.2. PFCNN versus APF

3.2.1. Introduction

In this section, it is verified theoretically as well as by simulations that PFCNN
method [6] mimics the sequence of steps performed when optimal density is used. It
is known that APF [7-9] mimics the steps performed when optimal density is used,
and its weight update emulates the weight update procedure of Bayesian filters that
use optimal importance density. It is also well known that choosing the importance
density is a crucial step in the design and success of a particle filter [85]. There are only
few cases where optimal importance density can be used since it is very hard or some-
times impossible to compute the optimal importance density. Thus, in practice, either
suboptimal choices are used as the importance density or structures such as APFs,
that mimic the sequence of steps when optimal importance density is available [85],
are utilized. In this thesis, PFCNN [6] is presented as a new structure that mimics the
sequence of steps when optimal importance density is available and is compared with
APF. It is observed that PFCNN outperforms APF on UAV videos where non-linear,
high-dynamic motion is coupled with abrupt visual model variations. The key part of
improvement is the compensation for possible miss-calculation of likelihood probabili-
ties by class probabilities which are calculated by CNN. These class probabilities are

tailored during the weight update process of the particle filter.

The evolution of APF and the analogy between PFCNN and APF are discussed

in Section 3.2.2. In Section 3.2.3, the performance comparison of both methods is
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presented and the discussion and conclusions are summarized in Sections 3.2.4 and

3.2.3, respectively.

3.2.2. Architecture

3.2.2.1. Evolution of APF. As stated in Section 3.1.3.1, zi’j,t =0,1,2,....7T, is a

measurement, vector that is an observable time series from time ¢ = 0 up to time T.
It is independent, and conditioned on xf;,j, unobserved state variable. The goal is to
estimate the joint filtering density, p(Zi—o.t|21=0.t), or marginal joint pdf, p(x|zi—o.)
to get the information about the state variable depending on present observations. In
general, the observations are the noisy versions of the state variables. APF [7-9] mimics
the steps performed when optimal density is used, and its weight update emulates the
weight update procedure of Bayesian filters that use optimal importance density. To
be able to compare the performance of the PFCNN against APF, APF is applied to
the same object tracking problem in UAV videos as PFCNN is applied. The features
extracted from CNN model are also used in APF implementation as measurements to
update the weights of auxiliary and original particles in APF. During the derivations,
¢ is the number of parts, and will be dropped for simplicity. j represents the number of
particles. The evolution of APF is elaborated in the following paragraphs in a similar

fashion that the theoretical background of SIR PF is explained in Section 3.1.

Bayes theorem is shown in Equation (3.7), and when we apply it to the joint
posterior pdf, we get a recursive relation for the joint pdf updates as shown in Equation
(3.8). Keep in mind that the recursive relation of joint posterior pdf can also be

factorized as

p(xot]z0) = p(ze|@o:e-1, 20:4)P(T0:t -1 20:¢)
(3.26)

# (x| Toa—1, 20:) P(T0:t—1]Z0:4—-1)-

Conditioning the previous values of the state variables until time ¢ —1 onto observations

in the future that span until time ¢ is impossible. However, changing the time tag of
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observation at time ¢ to t — 1 breaks the equality. On the other hand, during the choice
of importance density, the inequality in Equation (3.26) is ignored, and it is chosen in
a recursive format as explained in Equation (3.9). However, the inequality condition
prevents importance density from being optimal without being adapted to the present
measurement. That is why it is not feasible to choose the optimal importance density as
p(Zo:4-1|20.), and it is best to choose a pdf that can converge to the optimal importance

density.

Thus, to approximate optimal density, at time ¢, choosing an approximation of the
past posterior pdf, p(xo.;_1]|20.4-1), given in Equation (3.26) would be a good starting

point. Derivation of p(xo.,_1|20.¢), called smooth posterior, is shown as
P(To:e-1]204) = /p<x0:t’20:t)dxt

(o] z0) X p(ze|xe)p(we|xe—1)p(To4-1|20:4-1)
(3.27)

X /P(Zt|$t>P($t|$t—1)p<$o:t—1|Zo:t—1)d$t
= p($0:t—1|2’0:t—1)/p(zt|$t)p($t|$t—1)diﬁt
where p(z|z;) and p(z|z—1) are likelihood and the transition probabilities respec-
tively, while p(zg.4_1|20.+—1) represents the past posterior pdf. When we substitute the
approximation of the past posterior pdf, given in Equation (3.5), in place of the joint
posterior pdf at time ¢ in Equation (3.27), the smooth posterior pdf is represented in

terms of the weighted delta functions as

M

p($0:t—1|2’0:t—1) ~ ﬁ(%:t—l’Zo:t—l) = Z wt—l,j5(x0:t—1 - xo:t—l,j)
J

M
p($0:t—1|20;t) X [Z wt—l,j5($0;t—1 - xO:t—l,j)]/ (Zt|$t)p($t|$t—1)d$t
J
M (3.28)

= Z bt—l,j5($0;t—1 - $0:t—1,j)

J

where,

bi_1,; = wt—l,j/p(zt|xt)p(xt|xt—l7j)dxt'
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The particles that we use to estimate the past posterior pdf, are also utilized to
estimate the smooth posterior pdf, p(zo.t—1|20:¢). But the weights, b,_; ;, are altered as
shown in Equation (3.28), and they are called “Auxiliary or Parent Weights”. After
the derivation of the smooth posterior pdf in terms of parent weights, the importance

pdf in Equation (3.9) can be written in terms of parent weights as

Q(xo:t|20:t) = Q($t|$0:t71, ZO:t)Q(xO:t71|ZO:t>
M (3.29)
~ q($t|l°0;t—1, Zo;t) Z bt—l,j5($0;t—1 - $0:t—1,j)-
J

Then, the relation between smooth importance pdf and the past posterior pdf, pre-

sented in Equation (3.5), can be expressed as

M
Q($0:t—1|2’0:t) ~ Z btfl,jé(xO:tfl = xo:tq,j)
J (3.30)
bi—1

~ P(X0:4—1]20:t—1)-
> (20:4—1]20:0-1)

After the deriving of the posterior pdf, p(zo. j|20.t) in Equation (3.8) and the impor-
tance pdf, g(zo. j|20.+) in Equations (3.29) and (3.30), the weight update equation in
Equation (3.6) can be expressed in a recursive format, as

We—1,5 p(zt |xt,j)p(xt,j |xt71>
bt—Lj C](xt,j |$t—1, Zt)

where weights at time ¢ are updated using original weights and auxiliary/parent weights

(3.31)

’LUtJ' XX

at time ¢t — 1. Then, if we choose the importance pdf as transition pdf, p(x;|z; 1) in

Equation (3.31), the weight update equation in Equation (3.31) simplifies to

Q($t,j|$t—17 Zt) = p($t|$t—1)

wy—1,5 P(2e|e5) (@0 5] 01)
bt—l,j Q($t,j|$t—1, Zt)
Wt—1,5

W5 X

(3.32)

Wy j o P(zt]@y5).

bt—l,j
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In the PFCNN model, the importance pdf is also chosen as the transition den-
sity, and the weight update process is simplified. But with this choice, the approximate
optimal solution is lost. The weight update process of APF is elaborated in Equation
(3.32). Depending on the evolution of the method, first of all, parent particle trajec-
tories with probability bi_; should be sampled in the same manner that resampling
in the particle filter is achieved. At this point, the difference between APF and SIR
PF is that APF utilizes the most recent measurement to sample the new particles at
time t. In traditional SIR PF, the transition density does not depend on the present
measurement at time ¢, z;, and that is the reason for calling SIR PF “not adapted”.

Hence, APF specifically has two useful properties;

e “Presampling”: Using z; so that we sample the best past trajectories at time ¢ —1
o “Particle Sampling ”: Using the state dynamics, we propagate the particle value

from¢—1 tot.

Presampling is used to presample the parent trajectories with probability b,_; ; as

q(wo:t|20:¢) = q(24]T00—1, 20:)q(T0:t—1|20:4)
M (3.33)
~ p(z¢|wi1) Z bt—17j5(x0:t - xo:m‘)
J
where it drives the particles to the spaces with higher probabilities under high high-
dimensional posterior pdf. But computing b;_;; based on Equation (3.28) is very

hard because of the high-dimensional integral. That is why, the transition density,

p(ai|zi—1,;), is commonly chosen as

p(@exio1y) = 6(xe — fwr-15))- (3.34)

Here, f(z;_1 ;) can be modeled as a random walk in the first stage of the filter, and the
transition density represents a deterministic model without a process noise. Impulse

functions enable the approximation of the integral.
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State variable of particles at time ¢ —1, x;_ ;, are updated with additive Gaussian

noise of small variance, o2

sroc 10 predict the auxiliary particles, i j, and they can be

expressed as

Htj = Xi—1,5 + Tt 5

TtJ:N(O 0'2 )

» Y proc

(3.35)

where auxiliary particles, namely i ;’s, are treated as auxiliary state variables. This
way, almost constant outputs are obtained in a similar fashion with PFCNN [6] as given
in Equation (3.35). Then the transition pdf can be approximated with delta functions

as

p(e]we—1;) = 6(2e — phag)- (3.36)

Depending on Equations (3.33-3.36), it can be understood that APF tailors measure-
ments to weigh the sampled auxiliary particles around the target trajectory before the
conventional sampling and estimation processes of the particle filter. Using the ap-
proximation in Equation (3.29) and the random walk model in Equation (3.35), b;_1 ;’s

in Equation (3.28) can be expressed as

bi1j = wi1,;0(2e| f(Te-15))- (3.37)
Using the definition of auxiliary particle weights in Equation (3.37) together with
Equation (3.31), and taking the importance density as the transition density, weights

can be expressed as

(3.38)

If a random walk model with high noise variance is used, sampling generates
auxiliary particles with very low weights during the first phase of the algorithm; this
may lead the particles to vanish. On the other hand, if a random walk model with

low noise variance is used to sample auxiliary particles while a target with a high,
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non-linear motion vector exists, particles will most probably be sampled around a very
small area and will have low weights, leading to the death of particles. Under both
conditions, serious problems in target tracking are faced, and target tracking will not
be possible. This is the weakness of the APF, and the way PFCNN compensates for
this problem is explicated in Section 3.2.2.3.

3.2.2.2. Implementation. Pseudo-code of APF is shown in Figure 3.10, and its imple-

mentation is explained with a one-dimensional data to represent the posterior distri-

bution that APF constructs at the end of each iteration for better understanding.

At the beginning of the iteration, the particle states, x;_; j, are initialized with
uniform weights, and the number of particles, i, are taken as N = 10 as shown in
Figure 3.10a. After the measurement, z;, is observed at time ¢, APF update phase
is achieved. At this phase, auxiliary particles, j ;, are sampled from a prior distri-
bution, p(zj|ri—1 ;). Then, likelihoods, p(z|u ;), for each particle is calculated. At
the final step of this phase, the auxiliary weights, 0,_; ;, are updated by multiplying
the likelihoods with the weights from the previous iteration. Meanwhile, new indices,
j, are resampled depending on the updated values of auxiliary weights, belonging to
the propagated, 1 ;, and auxiliary weights are reinitialized as shown in Figure 3.10b.
After the new indices are determined, original particle states at time ¢t — 1, z;_1 j,
Jj =1,2,...,c, with new indices, are propagated to z; ;, and the likelihoods for original
particles, p(z|x; ;) are calculated. Then, as the final weight update process is achieved

as given in Figure 3.10c, the posterior is constructed for the state estimation.

Pseudo code for APF, in Figure 3.10, is applied to the tracking problem to prove
that the PFCNN mimics the APF in terms of the particle sampling from optimal
importance density. The overall method for APF is shown in Figure 3.11 to emphasize
the important differences compared to the PFCNN architecture, and these differences

can be itemized as
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(i) “Auxiliary Particle Presampling”module is utilized to sample auxiliary particles
at the beginning of the iteration as explained in Section 3.2.2.1.

(ii) “Class Probabilities of Particles "output of “CNN Model For Class Probabil-
ity"module in Figure 3.1, utilized as p(z|x; ;, class) in updating particle weights
in Equation (3.18) for SIR PF in PFCNN is ignored for APF. Because p(2;|x: ;, class)
is not utilized to update the weights of particles of APF at “Object State Esti-

mation "module as shown in Equation (3.38).

On the other hand, APF uses the output features of the “CNN Model For Feature
Extraction”as a measurement to be able to calculate the likelihoods for auxiliary and
original weights, as SIR PF in PFCNN does for its unique weights. “Unification”module

is a common function, used by both methods.

3.2.2.3. Analogy Between APF and SIR PF in the Proposed PFCNN Model. An anal-

ogy between the weight update equations of PFCNN and APF, given in Equations
(3.18) and (3.38), respectively, can be established as

1

—————— = w_1.p(z |7 4, class). 3.39
Py o cless) o

It is seen from Equation (3.39), the likelihood of auxiliary particles in APF, namely
p(zt|pe;), are in the denominator, and they are related to the product of the class
probability scores (p(zt|z:;,class)) of PFCNN, and the non-updated weight values
(w_y,;) from the previous iteration. On the other hand, probability terms on both
sides of Equation (3.39) have a similar purpose. In the PFCNN method, even though
particles are sampled from transition density without knowing observation, z;, at time
t, the term, measuring how much the sampled particles resemble observation at present
time in terms of class probability, is determined by (p(z¢|z: ;, class)), and included into
weight update process. In APF, observation, z;, at time ¢, is considered to sample
auxiliary particles along the target trajectory, and then the actual particles are guided

through the regions with a high probability of the posterior pdf.



Auxiliary Particle Filter Implementation Pseudo Code
1. Initialize the particles with uniform weights,
@414, =1:10

(x is 6-dim state vector, but its first component of x is used for presentation)

Wie—1,j5
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(a) Initialization of particles
2. Target moves, t=t+1, t=0, 1, ....,
Get measurement,

T

3. Auxiliary Part?::le Filter Update,
for j=1:10
a. sample Auxiliary or Parent Particles
Mt 5
from
p(xzt|xe ;) (characterization) (Eqs. 3.34 — 3.36)
b. calculate likelihoods for each auxiliary particle
p(ze|pe,5)
c. do auxiliary particle weight update
by 1, = wy 1,5 * p(ze|pe,;) (Eq-3.37)
if
bi1,j STbi, < 1

d. reinitialize

Lot
0.1 |+ H ' ' ' ' " . . '
P ' ' ' i ' . . '
[ 1 ' i ' ' ' ' '

0.73°1.08"%.39%2.33'3.17° 8.53'0.13%9.2279.83%9.87" Ht,j
(b) Re-Initialization of auxiliary particles
4. Resample indices

j°
from propagated particles,
Kt

new indices =[9, 6,5, 1, 5,6, 5,1, 2, 5]
(add one to indices, samples start from 1 to 10)
5. Propagate the state of all particles indices that survived and update particle
weights for state estimation,
for j in new indices (c):
a. get particle state using idx from original particles set

Lt—1,5
b. propagate sample to find

¢, =~ p(xej|Te—1,5)

c. calculate likelihoods for each original particle

Wi, j p(zt|@e,5)
d. do weight update 1.56e °7
(2| :
P(2t|Te,5 H
we; = W(Eq. 3.38) 1.5 :
t| 1, e
7 4.72¢ % . .
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(c) Posterior pdf after weight update of original particles

Figure 3.10. The pseudocode of APF with evolution of posterior pdf.
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Another point of view to understand the convergence level of both methods is to
investigate the way how posterior pdf is constructed. APF steers both auxiliary and
parent particles through the regions, where the weights are alive or not-degenerated. A
similar functionality in SIR PF, as a part of PFCNN] is achieved via class probability
scores, strengthening the particles with high resemblance with the current measure-
ment, and killing the particles with less similarity. Hence, PFCNN [6], explained in
Section 3.1, functions as a kind of APF but achieves this in a distinctive way from

APF while contributing to the posterior density differently.

Feature
Extractor

Video Frames l
itialisation O

‘ nitia
=t+1" - Auxiliary
Particle Filte

if t= initial Fi

Estimated at time t

if t > initial Frame’
if t > initial Frame.

L

Figure 3.11. Overall method of APF

3.2.3. Experiments

PFCNN [6], explained in Section 3.1, and APF are both applied to the target
tracking problem in the same videos from UAV123 dataset, and compared in terms
of precision and success criteria using the OPE metric as done in PFCNN [6]. The
parameters and hyperparameters, utilized for particle filter and CNN in 3.1.4.1, are
kept the same during APF experiments. As a difference between APF and PFCNN,
during the presampling of APF, the number of parent particles, M, is taken as 175,



80

and the variance of process noise, r; ;, added to characterization function in Equation

(3.35) is taken as 10.

For this purpose, 16 videos, including linear and non-linear target motion are
selected. The state variable is six-dimensional and constructed by the location, the
velocity, and the scale factor of the bounding box along x and y axes. Both methods
were compared based on their corresponding precision and success scores, and these
scores were constructed from three different points of view; 1. Overall, 2. Attribute-

Based, and 3. Scenario-Based, and the details are given in Section 6.2.

3.2.4. Discussion

Based on the results, PFCNN [6], explained in Section 3.1, surpasses APF in
terms of both precision and success scores. These results can be evaluated as the
average performance of methods against all visual problems faced during all videos.
Hence, it can be concluded that PFCNN mimics the case where optimal density is

used, like APF. However, it does this differently compared to the procedure APF uses.

3.2.5. Conclusion

In conclusion, while PFCNN and APF mimic the sampling scheme of the particle
filter that uses the optimal importance density, PFCNN outperforms APF, when used
for target tracking under challenging scenarios, and when target and camera motion
are non-linear with high dynamics. A random walk model with high noise variance is
used; presampling in APF generates auxiliary particles with very low weights during
the first phase of the algorithm; this may lead the particles to vanish. On the other
hand, if a random walk model with low noise variance is used to presample auxiliary
particles while a target with a high, non-linear motion vector exists, particles will most
probably be sampled around a very small area, and will have low weights, leading
to the death of particles. Under both conditions, serious problems in target tracking

are faced. Hence, the contribution of the PFCNN is provided by utilizing the class
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probability term in the weight update process. Eventhough, both PFCNN and APF
mimic the case where the optimal density is utilized, the use of the class probability,
calculated by CNN, is the novelty of the structure, and the key point that paves the

way to its success.
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4. A NOVEL APPROACH TO UAV DATASET CREATION

4.1. Introduction

CNN structures need extensive datasets for training and testing. This chapter
is devoted to synthetic UAV dataset creation. In Section 4.2, the development of the
proposed synthetic UAV dataset, so-called S-UAV [10], is explained in detail. In Section
4.3, a summary of the creation of segmentation ground truth data for the UAV 123
Dataset [2] is elaborated.

4.2. A Novel, Synthetic UAV Dataset Creation Approach:S-UAV

As explained in Section 2.2.2, CNN models, designed to detect optical flow, occlu-
sion, as well as segmentation and classification, require extensive synthetic or real-time
data sets for training and testing. To the best of our knowledge, there is no UAV
dataset, including ground truths for optical flow, occlusion, segmentation, and classi-
fication at the same time, in the literature. Creating optical flow data from real-time
scenarios requires an extensively controlled environment in terms of measuring device
set-up from camera sensors. In the meantime, creating sunshine, rain, and snow in

desired instances may not always be possible.

Considering that the creation of controlled environments and weather conditions
in question is very difficult, and sometimes even impossible. Utilizing graphics cards
with high processing capabilities stands out as a faster, more logical, and more accurate
solution for creating synthetic or virtual environments with game engines. These virtual
environments can be easily prepared using game engines like Unity [91] or Unreal,
where realistic models can be added, and occlusion and segmentation data can also
be extracted along with optical flow vectors. With the reference data obtained, CNN
models can be trained to create models that can perform both optical low and overlap

detection simultaneously [65,66] and [77].
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In this context, it has been decided to create labeled synthetic videos of UAVs with
various weather conditions, different backgrounds or landscapes, and a wide variety
of vehicle models as targets, leading to the development of the proposed method.
For the first time in literature, a unique UAV synthetic dataset has been produced,
which includes reference optical flow, occlusion, and segmentation images as well as
classification data at the same time. Using this dataset, CNN models, capable of
predicting optical flow, occlusion, segmentation, and classification for targets or vehicles
present in the scene, can be developed and trained. Thus, the gap in the literature

regarding UAV synthetic datasets has been filled.

As shown in Figure 4.1 [10], in the first stage, a three-dimensional UAV virtual
world is created using the Unity engine. Then, when the engine is run, color video
images are first generated, followed by video images containing vehicle mask informa-
tion (.png), along with a file that contains triangle (mesh) information related to the
vehicles (.json). Afterwards, reference optical flow vectors (.flo, .png) are extracted
using the triangle file and the masked images. During the optical flow extraction, the
homography matrix between the triangles, which are automatically generated by the
Unity engine for consecutive images stored in the triangle file, is determined, and the
position vectors for all pixels within the triangles are transformed using the homogra-
phy matrix to identify their locations in the other image coordinates. Subsequently,
boundary information in COCO format is produced using the masked video frames.
Images of resolution of 1920x1080 are obtained; however, due to the large file sizes of
the generated data and potential size issues that may arise during training in CNN
models, the data can be downscaled and converted to any size depending on the user’s
preference. Additionally, in the proposed method, a dataset with optical flow, occlu-

sion, and segmentation reference images of 250x250 size has also been produced.

The details of the proposed dataset are presented in the subsequent sections. In
Section 4.2.1, the features of the Unity engine and the method for preparing a virtual
world are explained in detail. The method for creating the ground truths of optical flow,

occlusion, segmentation, and classification for the objects or vehicles in the synthetic
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dataset is explained in Section 4.2.2. While the creation process of the segmentation
ground truth for the UAV 123 dataset is explicated in Section 4.3, Section 4.4 discusses

the contributions of the proposed method and future work.
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Figure 4.1. General method to create S-UAV dataset.

4.2.1. Unity Motor and Models

The Unity engine is an extremely user-friendly game development engine [91]. It is
easy to learn, and can be used on any platform, utilizing the C# programming language.
Additionally, thanks to user support, ready-made vehicle models are available. These
models are offered by their manufacturers with high graphical quality, available for
both paid and free options. In the proposed method, various world and vehicle models

have been obtained, ready for creating a virtual world. Before using these models,
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they are subjected to a series of optimization processes because some vehicle models
contain interior details that are not considered important in this method. Therefore,
they are removed to improve the speed of the system. For these operations, the Blender
application [92] is used to rearrange the models. Subsequently, the models intended

for use are integrated with the system, making them ready for scenario setup.

4.2.1.1. Modeling the Virtual World with the Unity Engine. In the proposed method,

a Unity virtual world represents the scenario that is intended to be modeled or created.
Scenarios can be divided into segments based on the length of the videos. Hence, a
bunch of scenarios with different vehicles are obtained by segmenting a single video,

and they are independent from each other.

In order to distinguish vehicles from one another or from other non-vehicle objects,
different colored pixels have been assigned to each vehicle, thereby giving them unique
identities. Consequently, it is possible to determine the location of all pixels belonging
to a vehicle and whether they occlude with another object or vehicle. All objects
outside the vehicle are represented in black. This method allows the extraction of the

boundary information of the vehicle.

The Unity Recorder library has been utilized in the system to record images.
This library can dynamically generate the requested video information for a specified
duration, during the selected time frame, and at a defined frame size. Video images
are saved with names corresponding to the number of images at 30 fps. The scenario
naming policy is explained with an example in Figure 4.2, and the examples of synthetic
video images produced in response to different landscapes and weather conditions are

presented in Figure 4.3.

4.2.1.2. Unity Vehicle Mask/Segmentation Information. Unique identifiers are required

to track the positions of a vehicle in video images. Therefore, the types and quantities

of vehicles are selected based on “RGB”color codes within the range of 0 to 255. The



86

U
4){ a - Heavy Traffic ‘ 4,{ a - Under/Over Pass ‘ 4){ a - Forest ‘
4){ b - Neighborhood ‘ 4){ b - Intersection ‘ 4){ b - Sea Side ‘
1
4){ ¢ - Industrial Estate ‘ 4){ C - Straight Road ‘ 4){ C - Village ‘
4){ d - Business Cente ‘
2 # of Scenarios (0, 1, 2, ...)
G # of Sections Belong to the Scenario (0, 1, 2, ...)
4 g a gb ¥ k s
Sunny Night Sunset Rainy Snowy Foggy

Night scene of 5th section of 2nd scenario, generated at the

neighborhood of an urban area

(a b 25 a)

Figure 4.2. Scenario naming policy.

“G”value represents the type of the vehicle, and it is categorized into five classifica-
tions: bus, car, truck, lorry, and minibus. If there is more than one vehicle of the same
type on the scene, this information is stored in the “B”value. The “R "value is kept
fixed as zero. These values are recorded as the mask information for a vehicle. This
will facilitate the extraction of optical flow, occlusion, and segmentation information,

as well as the identification and tracking of vehicles.

4.2.1.3. Unity Vehicle Location Information. The Bezier library has been used for the
movements of vehicles that have been prepared for use in the system within the virtual
world. Using this library, a path or trajectory must be prepared for moving objects.
While vehicles or the camera can follow the created path at a predetermined constant

speed, multiple vehicles can also be added by the user to move along this path with



87

3

VY ™

Figure 4.3. Sunny and snowy conditions of urban and rural scenarios.

a predetermined fixed time interval. When recording the video, the positions of the
triangles in the 3-D world (i.e the vehicle models shown in Figure 4.1) are transformed
into two dimensions. Then, they are placed onto the video image. This allows the de-
termination of the position of the vehicle in the image coordinate plane. Subsequently,
the triangle data created in 2-D for vehicles, along with their mask information, is
converted into json format and recorded into the dataset. However, the triangle data
consists of floating-point (float) variables. Since floating-point variables cause errors
during the homography process, they are converted to integer format prior to homogra-
phy processing. Consequently, due to number conversions, a few pixel errors may occur
on the vehicles after obtaining optical flow and occlusion information. These erroneous
pixels have been minimized by rounding to neighboring pixel values or using filters.
Experiments have shown that a few pixel errors are negligible in terms of the use of the

dataset in CNN training and their impact on performance as published in [10], [11].
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4.2.2. Creation of Optical Flow, Occlusion and Segmentation as Ground

Truth

To create the optical flow, occlusion, and segmentation reference dataset, masked
video images and triangle (mesh) data are required. For this purpose, the system
first generates optical flow (.flo, .png) information of resolution of 1920x1080, followed
by the sequential generation of occlusion (.png) and segmentation (.json, .png) data,

which are then copied to the appropriate files.

4.2.2.1. Creation of Optical Flow and Occlusion Dataset Using Homography. Horizon-

tal and vertical motion vector values of each vehicle need to be found or previously
known to obtain optical flow files. The triangle (mesh) data of the vehicles are used to

obtain these values as shown in Figure 4.4, and as elaborated in Appendix A.

The optical flow vectors, obtained as explained, belong to only a single triangle.
The vertical and horizontal vector values are recorded at the locations corresponding to
the triangles in the 7}, image in the vertical and horizontal planes. While T" corresponds
to the image of a triangle from a vehicle in the dataset, n represents the time or the
number of the frame in the video sequence for the same triangle. The optical flow image
created by taking the vector sum of the vertical and horizontal optical flow vectors is
presented in Figure 4.5. To generate the optical flow vector for all pixels belonging
to the vehicle, the operations described in Figure A.1 are applied iteratively for all
triangles that make up the vehicle, resulting in the overall optical flow image presented

in Figure 4.6.

If a pixel or pixels belonging to a triangle in the T,, image, represented as [z¢, y! ],
do not correspond to or coincide with a pixel location that is projected to the associated
triangle in 7}, after the application of the homography, or if the projected pixels fall
outside the image coordinate boundaries of the triangle in 7},,, it is assumed that the
pixel is not present in the 7T, image coordinates, in other words, it is considered to

be subjected to occlusion. The occluded vector or value for the pixels is recorded by
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Figure 4.4. Calculation of optical flow vectors.

changing the corresponding pixel location in the triangle of the T,, video image to a

color code of 255. However, the triangle information obtained from Unity is converted

from a 3-D world to real numbers in the camera frame. During the homography process,
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Figure 4.5. Combined image of horizontal and vertical optical flow vectors.

Figure 4.6. Final optical flow image.

it was converted to integer variables. Therefore, some information loss may appear as
errors outside the vehicle. This situation causes the formation of erroneous white pixels
in the occluded vector and consequently around the vehicle. To minimize this error,
the Canny edge detector is applied to the images with resolution of 1920x1080, and

theerosion technique is applied to the images with resolution of 250x250.

After the completion of the operations performed on the triangle in the 7}, image
in relation to the corresponding triangle in the 7,,,; image, the same operations are ap-
plied iteratively to all triangles that make up the vehicle. Once the triangles associated
with the processed vehicle are evaluated, this process is also repeated for all vehicles
in the T, image. When there are no other vehicles in the 7, image, the horizontal and
vertical optical flow vectors are combined for each vehicle and converted from the FLO

format into an optical flow file. At the same time, the overlap vector is saved as an
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image in PNG format. As a final step, the time index n is incremented to read the

next image pair, and all operations are repeated.

Using the approach described in Figure A.1, the optical flow vectors calculated
for a car are recorded as a FLO file and visually presented in Figure 4.7. While the
vehicle moves downwards, it also turns to the left. The variable motion observed in
different parts of the vehicle, due to the turn, causes variability in the optical flow
vectors. This change manifests itself as a change in color. The optical low occurring
from top to bottom is represented in yellow, while lateral movement from right to left is
associated with blue. Because the motion develops as a resultant, there are green and
various shades of intermediate color codes in different parts of the vehicle. Therefore,

it can be observed that the pixels have independent optical flow vector values.

Figure 4.7. Visualized flo file.

The dataset consists of 100 scenarios. Among these, 55 are sunny, 17 are rainy,
and 14 correspond to each snowy and foggy weather conditions. The quantity of

outputs from the dataset with the resolution of 1920x1080 is listed in Table 4.1.

4.2.2.2. Creation of the 250x250 Resolution Dataset. In the training of CNN models

used for optical flow, occlusion, segmentation, and classification, issues can arise re-
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Table 4.1. Content of the dataset with the resolution of 1920x1080.

Output of Dataset Quantity Format

Normal and masked images 16285 PNG

Optical Flow 16185 PNG, FLO
Occlusion 16185 PNG
Segmentation 16285 PNG, JSON

garding the processing of large-sized video images such as 1920x1080. Due to proposed
approach to object detection and tracking, it has been decided to create a dataset of
lower resolution. For this purpose, the dataset with a resolution of 250x250 has been
produced along with reference label information. This process requires masked video
images and a data file containing information about the triangles that make up the
vehicles. The flow diagram for the operations to be performed in this section is shown

in Figure 4.8.

Saving optical flow in forward and
backward format

(FLO, PNG)
Masked video images
(PMNG)
Calculation of Saving occlusion in forward and
optical flow backward format (PNG)

File containing
triangles inside vehicle
[(JSOM)

Saving video images in forward and
backward format (PNG)

Figure 4.8. Flow diagram for the creation of optical flow, occlusion, and segmentation

information with a resolution of 250x250.

For this process, the center point of each vehicle in the video frame at instant 7,
is used as a reference to crop a 250x250 section. In the cropping process, the video
images are saved as T,. Then, the vehicle in the T}, image is cropped at the same

pixel coordinates as the cropped vehicle in the 7T,, image, and the resulting video image



93

is saved as T},,1. Thus, the vehicles in the two successive images are cropped in relation
to the vehicle in the T,, image. This way, the amount of progress of a vehicle in the
next image is extracted. For example, video image number 367 is divided into 367-02
and 368-01, while video image 368 is divided into 368-02 and 369-01. This allows the
movements of the vehicles in the next video frame to be visible. Otherwise, in the
cropping process performed at a size of 250x250, any vehicle present in the T,, and
T,.+1 images would always be located at the center, making it impossible to obtain

progress information.

In Figure 4.9, the optical flow, occlusion, and segmentation information obtained
from video images 367 and 368 are shown. In the optical flow example, the optical flow
values of the vehicle left behind by the object have been disregarded. In the occlusion
example, if a pixel in the 7T;, image is covered by an object in the T}, image or goes be-
yond the boundaries of the FOV of the camera, it is considered to be overlapping. This
process has been created to calculate the movement of the vehicle at 7, ;. This pro-
cedure is referred to as 'forward’ because it detects the next movement of the vehicles.
To train CNN models to detect both optical flow and occlusion, a reference dataset for
backward optical flow and occlusion is also needed. By reversing the forward process,
the movement of the vehicle at instant 7, is calculated based on its position at 7T},
and saved in the local files, starting with under the names “forward”and “backward”.
The forward and backward optical flow and occlusion datasets are produced only in
250x250 format, while only the forward optical flow and occlusion references have been

extracted from the dataset with a resolution of 1920x1080.

As a result, the dataset with a resolution of 250x250 has been produced with a
larger number of images, focusing on the vehicles in the dataset with a resolution of
1920x1080 through the cropping process. This dataset, with a resolution of 250x250
is used to train CNN models that require the ground truth for forward and backward
optical flow. The distribution of the dataset, generated, is listed in Table 4.2. The
distribution of the dataset according to the weather conditions and the type of vehicle

is shown in Figure 4.10. According to the graph, 8% of the vehicles are buses, 68% are
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Figure 4.9. Results of optical flow, occlusion, and segmentation information for video

images 398 and 399.

cars, 7% are trucks, 7% are lorries, and the remaining 8% are minibuses.

Table 4.2. Quantity of outputs from the 250x250 resolution dataset.

Output of Dataset Quantity Format
Normal images 99520 PNG
Masked images 99520 PNG

Forward Optical Flow 49760 PNG, FLO
Backward Optical Flow 49760 PNG, FLO

Forward Occlusion 49760 PNG
Backward Occlusion 49760 PNG
Segmentation 99520 PNG, JSON

4.2.2.3. Creation of Segmentation Information. To obtain the vehicle boundary data,

mask information from the dataset is required. For this purpose, the system reads all
pixels individually and classifies them according to RGB color codes. After reading the
pixel values from the masked video image, all vehicles are classified based on the mask
information. The conversion of classified vehicles to segmentation data is encoded using
the Run Length Encoding (RLE) [93] method necessary for the COCO format, and
then the bounding box information for the top, left, right, and bottom pixels of each

mask is determined. After extracting the segmentation and bounding box information
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Figure 4.10. Distribution graph of the 250x250 resolution dataset labels prepared

with a total of 100 scenarios.

for a video image, this process is applied to all video images. Then, a tracking code
is assigned for each vehicle. The tracking code obtained, along with segmentation and

boundary information, is converted to a json file in COCO format.

4.3. Creation of the Segmentation Ground Truth for UAV 123 Dataset

UAV123 10 fps dataset [2] does not include the segmentation ground truth to
train/fine-tune the segmentation model, trained using S-UAV dataset [10], [11] by
“Segmentation Model”. It just has the ground truth data for the location and the
size of the bounding box. Therefore, Computer Vision Annotation Toolbox (CVAT)
in [94] is tailored to create the segmentation ground truth for 21 videos in the UAV123
dataset [2], including only cars as vehicles. As shown in Figure 4.11, each car on
the scene is segmented using an artificial intelligence (Al) interactor, named “Segment
Anything 2.0”, and two important outputs are generated as output 1. Segmentation
mask, 2.Segmentation data in COCO format as json file. Segmentation data in COCO

format comprises the following information, named as;
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e id: the number of annotated cars.

o image_id: the number of the images, annotated.

o category_id: category of the annotated object, car or background.

« segmentation points: 12 pairs of points along the x and y axes that constitute
the segmented area.

o area: area of the bounding box.

« bounding box points: 4 pairs of points of the bounding box of the annotated car.

In segmentation mask, cars are annotated or marked with white color (255), and

the background with black (0). 1263 images and segmentation masks are annotated.
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Figure 4.11. Segmentation annotation with computer vision annotation toolbox.
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4.4. Conclusion

CNN models require large-scale datasets for training that include a rich diversity
of objects and encompass various weather conditions and landscapes, in order to per-
form robust object detection and tracking in UAV video images. Currently, no dataset
exists in the literature that includes the ground truth for the optical flow, occlusion, and
segmentation information obtained from UAVs. In the method, developed, a synthetic
dataset containing optical flow, occlusion, and segmentation reference information of
vehicles from the perspective of UAV has been created for the first time using the
Unity game engine, thereby filling the existing gap in the literature. A total of 16,285
video frames of size of 1920x1080 are generated through 100 scenarios featuring various
weather conditions. A cropped version with a size of 250x250 has also been presented
as a separate dataset. Examples of S-UAV Dataset are presented in [95], and the details
are also given in [10], [11]. S-UAV dataset is very vital to train the first version of the
proposed method, PFCNNOcc, elaborated in Chapter 5, and plays a very important
role in the success of PFCNNOcc for the target tracking.

The final version of the PFCNNOcc, explained in Section 5.3.1.2, is designed
based on the first version of the PFCNNOcc to fill the gap that is comprised of visual
problems in the UAV123 dataset [2] that are not observed in the synthetic S-UAV
dataset [10], [11]. These visual problems that are not present in the synthetic data set

are;

o Sudden and large-scale variations,

o Very small vehicles with low resolution as well as very large vehicles whose bound-
ing size is even bigger than the size of ROI (250x250), used to sample the region
at the beginning of the iteration,

« Small motion vectors between the sequential images because of the relative motion
of the vehicles, depending on the camera motion,

o Merging or the occlusion of the target by the other vehicles during tracking.
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To overcome of these limitations in S-UAV dataset, as a future work, the diversity
of vehicle models will be increased, and new urban and rural environments and scenarios
will be prepared to adapt it to the real-time UAV scenarios in terms of the resolution in
size and the visibility of the target as well as the magnitude of the optical vectors of the
vehicles. In the mean time, the segmentation of the vehicles, especially cars, in UAV123
dataset [2], is achieved to create the ground truth using CVAT. Segmentation dataset
is used to fine-tune the segmentation model in the final version of the PFCNNOcc, and

boosts its tracking performance.



99

5. PFCNNOCC : A ROBUST VEHICLE TRACKING
METHOD UNDER
OCCLUSION USING OPTICAL FLOW AND
SEGMENTATION IN
LOW-ALTITUDE UAV VIDEOS

5.1. Introduction

In this chapter, an end-to-end design that can track a vehicle in both a syn-
thetic and a real-life UAV dataset under severe visual problems, especially occlusion is
explained in detail. To simultaneously achieve such a hard task requiring robustness
against all visual problems, especially partial and /or full occlusion, the tracking method
should be designed considering all these anomalies or difficulties in the environment

where tracking takes place.

Methods on optical flow and occlusion detection covered in Section 2.2, have
shown that the most advanced methods are those capable of performing occlusion
detection along with optical flow with high precision and accuracy. These methods are
mostly designed to leverage the symmetry property of optical flow based on supervised
learning. It has been observed that algorithms developed to improve the total error in
the CNN model, which predicts optical flow and occlusion at each pyramid level and
finds the errors in relation to the exact reference information, achieve high success.

The most important steps in such CNN models can be listed as;

o Extraction of features with different resolutions and the number of channels at
each pyramid level.

» Correlation of features, belonging to two consecutive images, by warping one of
them with predicted flow, depending on the direction that the flow and occlusion

are predicted at each level.
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o Downscaling or upscaling of predicted forward or backward flow, depending on
the pyramid level.

« Cumulating the errors between predicted forward/backward flows and occlusions
with their ground truths at each level.

» Backpropagation of the total error to update model parameters, shared between

the layers of the model.

The bidirectional (bilateral) calculation of optical flow in the forward and back-
ward directions further increases the success of these methods. In the PWC-Net [65,66]
method, the aforementioned approach is applied to the successful prediction of optical
flow, utilizing the same CNN model with different model parameters, learned at each
pyramid level. However, this situation results in a significant increase in the number
of parameters, making it challenging to use the method in real-time applications. As
elaborated in Chapter 2, the most prominent and successful method in the literature

is the IRR-PWC [77] method.

As explained in Section 1.3, the PFCNNOcc method, proposed in this thesis,
is inspired by IRR-PWC [77], and tailors its CNN models to detect occlusion using
optical flow vectors simultaneously. PFCNNOcc also extracts segmentation and classi-
fication information of vehicles in synthetic and real-time UAV video datasets by using
additional CNN models as shown in the general flow diagram of the PFCNNOcc in
Figure 5.1. As seen from Figure 5.1, the way to approach tracking problems changes
drastically depending on the percentage of the overall degree of occlusion, called de-
greeOfOccAll. DegreeOfOccAll is calculated by “Occlusion Detector and Calculator
Module Final PEFCNNOcc”. Three different states of occlusion are determined depend-

ing on the value of degreeofOccAll.

e No occlusion: degreeOfOccAll < 30%
o Partial occlusion: 30% < degreesO fOcclusionAll < 100%
o Full occlusion : degreesO fOcclusionAll = 100%
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It is observed that as the degree of occlusion that the target faces increases, the
visual model of the target is changed, and the variance in the visual model of the target
gets very high. Therefore, during tracking, the update of the visual model is stopped,
and the particle filter is not used to estimate the target kinematics anymore because
of the high variance of the visual model that the occlusion triggers. All in all, 30% is
assumed to be the optimal threshold to decide the transition between No Occlusion

and Partial Occlusion states in the proposed method.

The predictions from these CNN models are tailored by the novel functions,

named as;

Re-Identification Module Final PFCNNOcc,
Occlusion Detector and Calculator Module Final PFCNNOcc,
Full Occlusion Dense Search Module Final PFCNNOcc,

Merged-Target Condition Detection.

These functions are the contributions of the PFCNNOcc to the literature. “Re-Identifi-
cation Module Final PFCNNOcc”utilizes the forward and backward optical flow pre-
dictions, and the segmentation masks of the consecutive images with a novel matching
algorithm to re-detect the target at the beginning of each image pair and to determine
its location and size at pixel-level with high precision. In the meantime, the average

motion vector for the target is also calculated.

“Occlusion Detector and Calculator Final PFCNNOcc”is very vital to decide
whether a pixel is non-occluded, will-be-occluded, or already-occluded, and to calculate

the degree of occlusion via considering the possible scale and aspect ratio variations.

“Full Occlusion Dense Search Module Final PEFCNNOcc”is a combination of the
“Re-Identification Module Final PFCNNOcc”and “Occlusion Detector and Calculator
Final PFCNNOQOcc”with a dense-search algorithm to re-detect the target after a short

or long-term occlusion.
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“Merged Target Detection”function at the end of each iteration detects whether
a target is occluded by another vehicle during tracking. After the occlusion or merged-
target condition ends, the discrimination capability of the function, separating the
target from other vehicles on the run, helps the PFCNNOcc to keep on tracking pre-

cisely.

To the best knowledge of the author, the PFCNNOcc is the first method in the
literature that predicts and utilizes the optical flow and segmentation to estimate the
state variables of the target as well as the occlusion state and the degree of it during

target tracking in UAV videos.

The details about the design and the training of these CNN models are elaborated
in Section 5.2. The novel tracking method, which is able to track a vehicle in a low-
altitude UAV video under partial and full occlusion as well as other visual problems,

is detailed in Section 5.3.

5.2. Design and Training of CNN Models in the PFCNNOcc

5.2.1. Architecture

The knowledge and experience, gained from the PWC [65,66] and IRR-PWC [77]
methods, have formed the foundation for the occlusion detection mechanism, presented
in this thesis. In order to develop a method, capable of simultaneously performing
optical flow and occlusion detection, segmentation, and classification, encoder and
context network models are included. With the inspiration from the CNN models
for optical flow and occlusion prediction in IIR-PWC [77] as well as U-Net [60] for
segmentation and VGG16 [87] for classification, the CNN architecture, created by the
combination of these models, is the core part of the proposed method in this thesis,
namely PFCNNOcc. The CNN architecture estimates the occlusion as well as optical
flow simultaneously, and also finds the segmentation masks and classification scores

with features. The training method of the CNN architecture is illustrated in the general
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flow diagram as shown in Figure 5.2. The details of CNN models and loss functions in
flow diagram are explained in Appendix B. It is noteworthy that each model receives
two consecutive images as input because optical flow and occlusion arise from the
visual differences between two. Although it is not mandatory, the segmentation and
classification models are also provided with two consecutive images as input. The
only difference in the classification model is that this model accepts the bounding box

around the vehicle as input instead of the entire image.

As shown in Figure 5.2, respectively, the “Optical Flow Estimation Model” (Flow
Model) and the “Occlusion Estimation Model” (Occlusion Model) are trained simul-
taneously in relation to each other, while the “Segmentation Estimation Model” (Seg-
mentation Model) and the “Classification Model” (Classifier Model) are trained inde-
pendently. The structure of CNN models for optical flow and occlusion are the same
except the tensor channels, used for optical flow and occlusion. The segmentation
branch is used as U-Net model [60], and the classifier branch is utilised as VGG16
model [87]. The training process of these models is elaborated in Appendix B.

5.3. Tracking with PFCNNOcc

First, to extract optical flow, occlusion, segmentation, and classification maps or
scores of two consecutive images from low-altitude UAV videos, CNN models are de-
signed and trained. Then, the novel PFCNNOcc method is designed, implemented and
tested using the synthetic dataset, S-UAV [10], and the real-time dataset, UAV123 [2].
The architecture of the novel PFCNNOcc is to be explained in Section 5.3.1. Parame-
ters, utilized in experiments, are given in Sections 5.4.2 and 5.4.3. In Sections 5.5 and
5.6, the discussion and conclusion about PFCNNOcc are presented. The simulation

results of the novel PFCNNOcc method are elaborated in Section 6.3.
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Overall, attribute-based and scenario-based plots are evaluated, and it is validated
that PFCNNOcc outperforms the SOTA methods against all visual problems, especially

partial and full occlusion.
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Figure 5.2. General training flow diagram of CNN models for detection of occlusion

with optical flow, segmentation, and classification.
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5.3.1. Architecture

There are two versions of the PFCNNOcc. The design of the first version of the
PFCNNOcc is created to track vehicles on UAV videos from the S-UAV dataset [10].
After the first version of PFCNNOcc is tested against a subset of the S-UAV dataset,
including all visual problems, as well as partial and full occlusion, and is shown to
be robust against these problems, it is tested on the real-time dataset, UAV123 [2].
Real-time tracking brought additional problems that are not faced in S-UAV tests;
thus, to handle these problems, a second and a final version of the novel PFCNNOcc is
designed by implementing reformative and evolutionary functions. This final architec-
ture overperforms the SOTA trackers. In this section, the first version of PFCNNOcc
is explained utilizing the overall and detailed flow diagrams with the details of sub-
modules. On the other hand, all the details of the final version of PFCNNOcc are
given in detail using flow diagrams of overall and detailed architecture as well as those
of sub-modules. These sub-modules are designed to achieve important tasks during

tracking.

5.3.1.1. The First Version of PFCNNOcc Tested in S-UAVDataset. The first version
of the PFCNNOcc method tailors CNN models, explained in Section 5.2, to detect

optical flow, occlusion, segmentation, and classification. The overall architecture is

shown in Figure 5.4.

At the beginning of each iteration, two 1080x1920 (heightxwidth) images, im; 4
and im;, are read from the folder where the S-UAV dataset [10] is stored. Tracking
process starts for a specific target depending on the imagelD, trackID and categoryID
of the target in the ground truth JSON file. While imagelD represents the number of
the image in that specific scenario or video from the dataset, trackID gives information
about the order number of the vehicle, seen on the scene. categorylD is given depending
on the type of vehicle, such as bus, car, lorry, truck, or van, as explained in Section

4.2.
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Once the degree of occlusion is determined, the way to approach tracking prob-
lems changes drastically depending on the percentage of degreeOfOccAll as displayed
in Figure 5.4. Three different states of degreeOfOccAll are determined as,

o No occlusion: degreeOfOccAll < 30%
o Partial occlusion: 30% < degreeO fOccAll < 100%
o Full occlusion : degreeO fOccAll = 100%

A threshold should be determined to be able to decide the state of the partial
occlusion between No Occlusion and Full Occlusion. To figure out this threshold, a
lot of experiments with PFCNNOcc have been performed, and instances, the visual
model of the target remains almost the same under occlusion, are observed. Even if
25-30 % of the target is occluded, it is verified that the feature of the visual model
under the occlusion has changed slightly, and the similarity score between its feature
and the reference feature becomes very high. It is observed that as the degree of
occlusion increases, the visual model of the target is changed, and the variance of the
visual model of the target gets very high. Therefore, during tracking, the update of
the visual model is stopped, and the particle filter is not used to estimate the target
kinematics anymore because of the high variance in the visual model that the occlusion
triggers. All in all, 30% is assumed to be the optimal threshold to decide the transition

between No Occlusion and Partial Occlusion states in the proposed method.

The diagram, sketching transitions between states that degreeOfOccAll can have,

is given in Figure 5.3.
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Figure 5.3. Transition of occlusion states.

As understood from Figure 5.3, there are two-way relations between No Occlusion-
Partial Occlusion as well as Partial Occlusion-Full Occlusion states. This is a design
criteria and subsequently will be explained. There is a one-way transition from the
Full Occlusion state to the No Occlusion state because of the possible scale variations
during the Full Occlusion that affect the number of pixels inside the bounding box of a
segmented car. If the number of pixels is equal to or greater than the reference number
of pixels, which is the running average of the pixel counts of the segmented target dur-
ing the previous iterations with the No Occlusion, after the Full Occlusion vanishes,
and the whole vehicle seems on the scene, then the transition case from the Full Oc-
clusion to the No Occlusion is verified. In summary, there are two different states that
can be transitioned from the Full Occlusion state, and the possibility of this two-way
transition comes from the scale variation that the video scene faces during the Full
Occlusion state. The only state that can be transitioned from the No Occlusion state

is the Partial Occlusion.
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As illustrated in Figure 5.4, a different path for each occlusion state is designed
to be able to track a vehicle under occlusion properly. Hence, the explanation for each

different path is given separately in the following paragraphs.

The functionality of the path that will be followed during No Occlusion (< 30%)
state, shown in Figure 5.4, is explained in the following paragraphs. The overall degree
of occlusion, named degreeOfOccAll is set as 0 before the tracking process starts. tar-
getLostldx is set to 0 to keep the counter of the full occlusion state during tracking. For
the first image pair at t = 0, the location, size, and class information of the bounding
box of the target on im;_; is read from the ground truth file, and the tracking process
starts. Then, ROI boxes, cropped_im;_ and cropped_im; (3x250x250 (chXwXh)), are
cropped from both images, im;_; and vm;, and fed into “Flow Model and Occlusion
Model”as well as “Segmentation Model”to predict the forward and backward optical
flow maps, predicted_flow_f and predicted_flow_b, forward and backward occlusion
maps, predicted_occ_f and predicted_occ_b, segmented masks, im;_;_predicted_mask
and im,_predicted_mask, for both images as shown in Figure 5.4. If ¢ > 0, then ROI
boxes are cropped using the location and size information of the bounding box from
estimateStates; 1, representing the estimated state values of the tracked target from
the previous state at t — 1. In the meantime, at the beginning of the tracking process,
or in other words at ¢ = 0, the bounding box, im;_1bbox, around the target or vehicle
is cropped using the ground truth data and feed to “Classifier Model”to calculate the
reference feature (Ref Feature), the reference class ID (Ref Class) and the reference
class probability (Ref Class Probability). The reference feature and reference class ID
are then used in the “Particle Filter Module "to find the likelihood and class scores of
particles, and to update their weights, as explained in Section 3.1. As illustrated in
Figure 5.4, optical flow loss (flow loss), occlusion loss (occ loss) and segmentation loss
(seg loss) are calculated between predicted values and ground truth using the same loss

functions, explicated in Section 5.2.1.

After predictions for optical flow, occlusion, and segmentation are computed,

one of the most vital processes, called the “Re-Identification Module”,”starts. While
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“Re-Identification Module” is illustrated in Figure 5.5, the

the logic of the algorithm, is given in Figure 5.6.
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Figure 5.5. Re-Identification module.

As can be understood from the Figures 5.5 and 5.6, “Re-Identification Module”

is responsible for the re

-identification or re-detection of the target at the beginning
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Input:predicted_masks, predicted_flows, Output:detected_bboxes

1: function RE-IDENTIFICATION(.) > Runs the algorithm

10:
11:
12:
13:
14:
15:
16:
17
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:

imy_y sy predicted_mask_filt «+— medianFilter(im;_, , predicted_-mask)

imy_y 1 contours < findContours(im;_, ;; predicted_mask_filt)

scale_x/y < findScaleFactors(avgMotionVector_x /y)

locROI_min_x/y,locROI _maz_x/y < determineLocROI(estimateState;_1)

for i < 1, size(im;_y; contours) do > Check size and visibility of contours

[contour_bbox Array, min_x/y, mazr_x/y] + findLoc(im,_, , contours|i]))

if max_r —min_x <2 | max_y — min_y < 2 then > Check size
ignore im,_; , contours|i] > Ignore outlier
else > Check visibility in locROI
if contour_bbox Array inside locROI then > Visibility satisfied

visible_contour_list < storeVisibleContours(min_x/y, max_z/y)
for j <+ min_x,mazr_z do > Form the motionlists with forward flow
for k <+ min_y, mazxr_y do
motionList_x/y < storeMotionVector(predicted-flow_f)
end for
end for > Get histogram of motion lists
avgMotionVector_z |y < histogram (motionList_z/y))
if degreeO fOccAll < 10% then > Update reference features
avgM otionVect, numO f Pixel, size Bbox <+ updateRefFeat()

end if
else > Visibility not satisfied
ignore im;_, ; contoursli] > Ignore contour
end if
end if
end for
if counterContourVisible > 1 then > Find the coords. of detected bbox

detected_bbox < findLoc(visible_contour list)

end if

30: end function

Figure 5.6. The pseudocode of the Re-Identification module.
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of each iteration using the inputs such as segmented masks, im;_;_predicted_mask
and imy_predicted_mask, and predicted forward and backward optical flow maps,
predicted_flow_f and predicted_flow_b. The precision of the predicted masks and

optical flow maps has a key role in the performance of the “Re-Identification Module”.

After the re-identification of the target is achieved, “Occlusion Detector and Cal-
culator Module”, shown in Figure 5.7, is utilized to detect or fine-tune forward and
backward occlusion maps as well as to calculate the degree of the relative occlusion,
degreeOfOccRel, and the overall occlusion, degreeOfOccAll. While degreeOfOccRel is
measured only between the pixels, seen in two consecutive images, degreeOfOccAll is
calculated between the pixels seen in an image at a specific time, and the pixels seen
in an image without occlusion. As understood from Figure 5.7, the novel “Occlusion
Detector and Calculator Module”is designed with the combination of three distinct
functions; 1. “Forward Processor”, 2. “Backward Processor”, and 3. “Occlusion Cal-

culator”.

The functionality of “Forward Processor”is to detect the non-occluded pixels
and seen-pixels in im;_jdetected_mask as well as the pixels that will be occluded in
imydetected_mask (will-be-occluded). In other words, “Forward Processor”detects the
forward occlusion via operating on a fundamental idea, called “Forward-Backward Con-
sistency of Optical Flow”. The details of the function are explained with the flow dia-
gram in Figure 5.8, and are elaborated in Figure 5.9. There are two requirements to be
checked to guarantee that the processed pixel is not occluded; values of pixels at (z1,y1)
on imy_detected_mask and (x2,y2) on im;_q_detected_mask are of value 255. These
checks guarantee the consistency between predicted_flow_f and predicted_flow_b as
well as the decision whether the pixel seen on im;_;_detected_mask, is occluded or not.
If the consistency between predicted_flow_f and predicted_flow_b holds, the location
values of (i,7) and (22,y2) are the same. While requirements are satisfied, the counter
for the number of pixels that will not be occluded, im, 1 _detected_mask_non_occ_cnt, is
increased, the pixel location at 1m;_jocclusion_map mask and cropped_im;_jocc image

is set with 255 (white) to mark and keep track of the non-occluded and occluded pixels.
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In the meantime, the total motion of the target along the x and y axes is calculated
via summation of the forward optical flow vector values of predicted_flow_f for non-
occluded pixels as shown in Figure 5.9. If these requirements are not met, it means that
the consistency between predicted_flow_f and predicted_flow-b does not hold, and
the pixel will be occluded in im;_detected_mask coordinates. In im;_jocclusion_map
mask, grey pixels show the background, white pixels represent the ones that are seen on
cropped_tm;_; as well as non-occluded on cropped_im;. Pixels in black color are the ones
that are seen on cropped_im;_, and will be occluded in cropped_im;. cropped_im;_,occ
shows all pixels with the same manner as done in im;_jocclusion_map, but the back-
ground belongs to the cropped_im;_;. As a final step, the output of “Forward Proces-

sor”is sent to the “Occlusion Calculator”function of “Occlusion Detector and Calculator

Module”.

The functionality of “Backward Processor”is to detect the non-occluded pixels
and seen-pixels in imydetected_mask as well as the pixels that are already occluded in
imy_1detected_mask (already-occluded). “Backward Processor”detects the backward
occlusion depending on “Forward-Backward Consistency of Optical Flow”. The out-
put of the “Backward Processor”is sent to the “Occlusion Calculator”function of the
“Occlusion Detector and Calculator Module”. The details of the function are explained

with the flow diagram in Figure 5.10, and are elaborated in Figure 5.11.

The functionality of “Forward Processor” and “Backward Processor” is very sim-
ilar in terms of the detection of non-occluded pixels via utilizing the consistency of
forward and backward flow maps. The main difference emerges because of the way
that occluded pixels are determined. While the “Forward Processor” mainly concen-
trates on pixels that will not be seen or occluded in the next image of the pair, in other
words, focusing on the situation of the pixels in the future, the “Backward Proces-
sor” keeps track of already-occluded pixels in the previous image of the pair. With the
combination of these important functions, non-occluded, will-be-occluded, and already-
occluded pixels are detected and used to calculate the relative and overall degree of

occlusion during target tracking.
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Input:detected_masks, predicted_flows, cropped_images, detected_bbozxes

Output:im;_1_detected_mask_non_occ_cnt, im;_1 _detected_mask_seen_pixel_cnt,

will_be_occ_cnt, sumO f M otionV ectors

1: function FORWARD PROCESSOR(.)

> Runs the algorithm

2: for i < imy_; detected_bbox[l],im;_y detected_bbox[3] do > Along y axis

3: for j < imi_; detected_bbox[0],im;_1 detected-bbox[2| do > Along x axis

4: if im_1_detected_maskli, j| == 255 then > Check if it is target

5: xl < i + predicted_flow_fli, j, 1]

6: yl < j + predicted_flow_f]i, 7,0]

7: x2 i + predicted_flow_f[i, j, 1] + predicted_flow_blx1,y1, 1]

8: y2 < j + predicted_flow_f[i, j,0] + predicted_flow-b[x1,y1, 0]

9: if imy_detected_mask[zl,yl] == 255 & imy_;_detected_mask[z2,y2]

10: == 255 then

11: imy_1 detected_mask_non_occ_ent+ =1

12: imy_1 occlusion_mapli, j| < 255

13: cropped_imy_y occli, j,:] < 255

14: sumO f MotionV ector_x — sumO f MotionVector_x  +
predicted_flow_f[i, j, 1]

15: sumO f M otionV ector_y — sumO f MotionVector.y +

16:
17:
18:
19:
20:
21:
22:
23:

predicted_flow_f|i, 3, 0]

else
im¢—1 occlusion_mapli, j] < 0
cropped_imy_y occli, j,:] < 0
will_be_occ_ent+ =1

end if

end if

end for

24: end function

Figure 5.9. The pseudocode of the Occlusion Detector-Forward Processor.
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Input:detected_masks, predicted_flows, cropped_images, detected_bboxes
Output:im;_detected_mask_non_occ_cnt, imy _detected_mask_seen_pixel_cnt,

already_occ_cnt

1: function BACKWARD PROCESSOR(.) > Runs the algorithm
2: for i < imy detected_bbox[1],im; detected_-bbox[3] do > Along y axis
3: for j < im; detected_bbox|0],im; detected_bbox[2] do > Along x axis
4: if imy_detected_mask][i, j| == 255 then > Check if it is target
5: imy_detected_mask_seen_pixel_cnt+ =1

6 1my_detected_mask_seen_pizels_t.append < 1

T 1my_detected_mask_seen_pizels_y.append < j

8 xl < i + predicted_flow_bl[i, j, 1] > Transform the pixel using predicted

backward flow into im;_1_detected_mask coordinates.
9: yl < j + predicted_flow_bli, j, 0]
10: x2 < i+ predicted_flow_b[i, j, 1] + predicted_flow_f[z1,y1, 1]> Transform

the pixel back into im;_detected_mask coordinates using predicted forward flow.

11: y2 < j + predicted_flow-b[i, 7, 0] + predicted_flow_f[x1,y1,0]

12: if imy__detected_mask[zl,yl] == 255&im;_detected-mask[z2,y2] ==
255 then

13: imy detected_mask_non_occ_ent+ =1

14: imy occlusion_mapli, j] <— 255

15: cropped_imy occli, J,:] < 255

16: else

17 imy occlusion_mapli, j] < 0

18: cropped_imy occli, j,:] < 0

19: already_occ_ent+ =1

20: end if

21: end if

22: end for

23: end for

24: end function

Figure 5.11. The pseudocode of the Occlusion Detector-Backward Processor.
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At this point, “Occlusion Calculator”is the last function of “Occlusion Detector
And Calculator Module”, and is designed to calculate the “degreeOfOccRel”and “de-
greeOfOccAll”as well as the preliminary estimate of bounding box location and size
in 250X250 local image coordinates, est Box, using the inputs from “Forward Proces-
sor”’and “Backward Processor”as elaborated in Figure 5.12. At the end of the function,
estBox is sent to the “Particle Filter Module”for final estimation of the state variables

of the target.

The final phase of the tracking process is the estimation of the state variables using
the “Particle Filter Module”, shown in Figure 5.13 while degreeOfOccAll is smaller
than 30%. “Particle Filter Module”, utilized here, is designed via the combination of
“Initialization and Particle Sampling Module”and “Object State Estimation Module”,
which are parts of the novel PFCNN method, explained in Section 3.1.

While all derivations and equations are modelled for multi-part tracking for
PFCNN in Section 3.1, “Particle Filter Module”do estimation for the whole body of
the target; hence, equations are derived based on only one part. The process and mea-
surement equations are shown in Equations (3.1-3.4). The state variables are defined

as

eStBBO'rxLoc NestBBox 1,00 NestBBox, 1oc
GStBBoxyLoc nestBBoxyLoC nestBBoxyLoc
Ty = V¢ = ry = (51)
6StBBOQZ':cDim NestBBoxypim NestBBoxypim
_eStBBO'ryDim_ _nestBBoxyDz—m_ _nestBBomyDim_

where v; and r; are the vectors of process and measurement noises, respectively, sampled
from i.i.d. normally distributed probability distribution functions (pdfs), and z; is the
measurement vector. z; includes the location and dimension of the bounding boxes
along x and y coordinates, and it is initialized with the preliminary estimate of the
states in global image coordinates, est Bbox, as shown in Figure 5.13 and Equation
(5.1). The random walk model provides the basis for the formulation of the process

equation given in Equation (3.1).
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Input:im;_q_detected_mask_non_occ_ent,imy_1 _detected_mask_seen_pixel _cnt,
will_be_occ_ent, sumO f M otionV ectors, imy _detected_mask_non_occ_cnt,
1my_detected_mask_seen_pixel _cnt, imy_detected_mask_seen_pixel, already_occ_cnt

Output:degreeO fOccRel, degreeO fOccAll, est Bbox, avgM otionV ectors

1: function OCCLUSION CALCULATOR(.) > Runs the algorithm
2: sumQO fOccCnis — imy_detected_mask_non_occ.cnt  + will_be_occ_ent  +

already_occ_cnt

3: if sumO fOccCnts == 0 then > Check if full occlusion exists!
4: degreeO fOccRel(%), degreeO fOcc All(%) < 100 > Full occlusion exist!
5: else > (No full occlusion!Calculate degreeOfOccRel)
6: degreeO fOccRel(%) < %}‘m * 100

7 end if

8: if t==0 then > Check if it is the initial frame
9: actual_non_occ_pixel_cnt < imy_1 _detected_mask_seen_pixel _cnt

10: else > It is not the initial frame
11: if imy_detected_mask_seen_pizel_cnt > actual_non_occ_pizel_cnt then

12: degreeO fOccAll(%) < 0 > No occlusion!
13: actual non_occ_pizel_cnt < imy_detected_mask_seen_pixel _cnt

14: else > Occlusion exists!
15: degreeO fOcAll(%) « (actual_non_0cc_pixell;zzf;lz;:g;fziif;ii;;rfgsf_seen_pizel_cnt)*100

16: end if

17: end if

18: if imy_1_detected_mask_non_occ_cnt > 0 then

19 avgMotionVector_afy - o ttmODMon st z)y__

20: end if

21: est Bbox[min_z [y, mazx_x /y| + findLoc(im;_detected_mask_seen_pixzel) > Find the

coords. of the preliminary estimate of bbox

22: end function

Figure 5.12. The pseudocode of the Occlusion Calculator.
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At the final step, after calculating the estimated values for the state variables at
time t, xE'st;, if degreeOfOccAll is smaller than 10% (< 10%), reference data for the

motion vector, pixel counts, and bounding box sizes for the target are updated as

hist motionVector Array, = histogram(motionVector Arrays)
averageMotionVector, = histmotionv ector Array, (AT gMAT(RiStmotionVector Arrays ) (52)
histmotionVector Array, = histogram(motionVector Array,)

averageMotionV ectory, = NislmotionVector Array, (a7 gmaz(histyotionVector Array, )

histim, | pizeiCountArray = histogram(imy_y_pizelCount Array)
imt_l_refPixeleunt — hiStimt_l_pi:celCountArray(argmax(hiStimt_l_pi:(;elCountArray))
hiStim, pizelCountArray = histogram(im,_pizelCountArray)

imt_refPixelCount —= hiStimt_pizelCountArray (argmax(hiStimt_pixelCountArray))
(5.3)

histim, | bboxSizeArrayArray = Ristogram(im,_,_bboxSizeArray)
Z.mt— 1 _T'GfBbOZIZ' S'LZG = hiStimt_ 1-bboxSize Array (C”"gmﬁw ( hiStimt_ 1-bboxSizeArray ) )
hiStim, bbowSizeArray = histogram(im,_bboxSize Array)

z’mt_refBbox S'LZG - hiStimt_bboxSizeArray (Cw‘gmaiﬁ ( hiStimt_bbo:cSizeArray) )
(5.4)

vector Similarity = N(feature,(im;_,_bbox)" — feature,(im,_bbox), o> ..)
imy_q-score = p( feature,(im;_1-bbox) | ref Feat,)

(5.5)

« P(feature,(im;_1_bbozx) | classldz)
imy_score = p( feature,(im;_bbox) | ref Feat;)
(

« P(feature,(im,_bbox) | classldr)

con fustonScore = im;_1_score x im;_score x vectorSimilarity

and the summary for the calculations are itemized below:
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o refFeat; is updated using “Classifier Model”as shown in Figure 5.4.

« averageMotionVectors of the target for forward direction along x and y axes are
calculated as shown in Equation (5.2).

« references for # of pixels of the target at im;_idetected_mask and im;detected_mask
are found as in Equation (5.3).

» references for sizes of the target at im;_idetected_mask and im;detected_mask
are calculated as given in Equation (5.4).

« confusionScore for the detected targets at im;_idetected_-mask and im;detected_mask

is calculated as given in Equation (5.5).

Estimate of state variables, named as estimateState;_q, is utilized to crop images at
the beginning of the next iteration after the counter for ¢ is increased, as shown in
Figure 5.4, and this is the end of a tracking iteration if degreeOfOccAll is smaller than
30 %.

The functionality of the path that will be followed during Partial Occlusion
(30% < & <100%) state, shown in Figure 5.4, is explained in the following paragraphs.

In that case, the iteration starts with initializing/updating predictedState, uti-
lizing the random walk model with estimateState; or predictedState; depending on

the value of the degreeOfOccAll from the previous iteration as

motionVector = [averageMotionVector,, averageM otionVector,, 0, 0]
predictedState, = estimateState,_, + motionVector(degreeO fOccAll,_; < 30%) (5.6)

predictedState, = predictedState, 1 + motionVector(degreeO fOccAll, 1 < 100%).

At this state of occlusion, the degree of occlusion is high, and it is considered that
most of the target or all of it may not be seen. Hence, predicted values of the state
variables are utilized. After predictedState; is calculated, the steps, until the output
of “Re-Identification Module”in Figures 5.4 and 5.5 is generated while degreeOfOccAll

is smaller than 30%, are followed in the same order. After the “Re-Identification
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Figure 5.13. Particle filter module.
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Module”is processed, the counters for the number of visible contours in the local search
areas, locROIs, at imy_1_contours_locROI and im;_contours_locROI, calculated by
“Re-Identification Module”as shown in Figure 5.5, are utilized to check whether or not
a contour is visible inside locROIs. If there exist no contours inside locROIs in one or
both of the images, then it is considered that the target is lost or fully occluded. If the
target is lost, degreeOfOccRel and degreeOfOccAll are set to 100 %, and the iteration
stops at that stage, the counter for time t is incremented, and the next iteration starts

with a fully occluded state (if degreeOfOccAll = 100 %).

If there exist contours inside locROIs at both images, im;_idetected_mask and
imydetected_mask are fed to “Occlusion Detector and Calculator Module”to keep on
the iteration as shown in Figure 5.4. The path that the iteration follows is the same
with the one, achieved during degreeO fOccAll is smaller than 30% until pre-estimate
location of the target or estBox is calculated. For this state of occlusion (30% <
degreeO fOccAll < 100% ), predictedState; is updated with est Box while transition-
ing from 250X250 image coordinates to the original image coordinates without the
application of “Particle Filter Module”as shown in Figure 5.4. Then, estimateState,
is set to predictedState;, the counter for time ¢ is incremented, and the next iteration
starts depending on the value of degreeOfOccAll, calculated by “Occlusion Detector
and Calculator Module”during the previous iteration. This is the end of a track-
ing iteration if 30% < degreeOfOccAll < 100%. In summary, the iteration starts
with “Partial Occlusion”, because degreeOfOccAll was between 30% and < 100%, and
depending on the tracking process, explained up to now, the state of occlusion can
transition to No Occlusion or Full Occlusion as different states. Also, it can stay in its

state, Partial Occlusion, as shown in Figure 5.3.

The functionality of the path that will be followed during Full Occlusion (= 100%)

state, shown in Figure 5.4, is explained in the following paragraphs.

If the target is lost, and degreeOfOccAll is calculated as 100% at the end of the

previous iteration, then, “Full Occlusion ROI Dense Search Module”, shown in Figure
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5.14, takes the role of detecting and tracking the lost target during the present iteration
as depicted in Figure 5.4. For a better explanation, image sequences, belonging to a
different scenario video from the S-UAV dataset [10], are utilized in Figure 5.14, except

the ones, shown in Figure 5.4.

The reason for using different image sequences is to show the processes followed
during the full occlusion state and how a target is detected after the full occlusion
state is finished. Before starting to explain the details of the process during the full
occlusion state, note that output on im;_; in Figure 5.14 is the output of the method
in Figure 5.4 when im;_5 and im;_; are input images. A red circle is drawn on im;_s to
border a small part of the target or car, visible at time ¢t — 2. The car is fully occluded
at im;_1, and the full occlusion state occurs as displayed at output on im;_;. At that

moment, time is incremented to ¢t = ¢ + 1, and the full occlusion state starts.

At the beginning of the full occlusion state, two images, im; 1 and im;, are
read, and predictedState; is updated using Equation (5.6) with the motion vector,
calculated during the previous iteration. Then, the “Closed-Loop Target Detection
Processor” sub-module takes the role of processing the dense search method based on
an iterative sampling loop around the target as shown in Figure 5.14. First of all, the
loop for dense search or sampling is initialized to be able to sample eight, 250X250
ROI’'s. Here m,m = 0,1, ...,7, stands for the number of ROI that are sampled during
the iteration in the loop. For each mth sample within the loop, the number of pixels
along the  and y axes to be sampled, sample,, and sample,, change to cover four
sides of the last known position of the target, predictedState;. Then, predictedState,
is updated again to sample an ROI with sample, and sample, to get predictedState;”

as

samplingV ector = [sample,, sample,, 0, 0] (5.7
5.7
predictedState" = predictedState, + samplingV ector

and regions, corresponding to predictedState]", are displayed with yellow bounding



t=t+1

degreeOfOccAll
??7?

~

Eq. (5.6)

Update predictedState:

output on

degreeOfOccAll = 100%

The Loop

Initializeliterate Determine The Amount  sampley
form=0to7

127

im .y

Update predictedState,™
m™ Of Pixel For Sampling —sample, Eq. (5.7)

Along x and y Axes

predictedState,™

im ¢ t=t+1

Break The Loop
and

Keep On Tracking

degreeOfOccRel < 30/100 %
degree0fOccAll < 30/100 %
estimate predictedState;

"cropped_im (.1 occ  imy.q occlusion_map'

Occlusion Detector
and Calculator
Module

t=jt+1

m=m+1

-Target is not found
-Keep on iteration

-degreeOfOccRel = 100%

-degreeOfOccAll = 100%

-Target is not found

-End of iteration
100% L

Crop ROI
. o (z"s";xgziz)
degreeOfOpcAll = 100% rim¢.1 locROl f im¢ locRO}
cropped_im ¢ cropped_im ¢
[ predicted_flow_f im ¢4 predicted_masK]
¥ 3
Flow Occlusion  Segmentation
Model Model Model
predicted_occ_f predicted occ b
predicted_flow b im ¢ predicted_mask ]
S i
Re-Identification
Module

!

|

im ¢, detected mask

Full Occlusion

im ¢ detected mask
im (.1 detected mask im , detected mask

Closed-Loop
Target Detection
Processor
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boxes for all sampled ROIs as shown in Figure 5.14. The updated predictedState]" is
tailored to crop ROI images (250X250), cropped_im;_; and cropped_im;, and they are
fed to “Flow and Occlusion Model”and “Segmention Model”to find predicted_flow_f,
predicted_flow_b, predicted_occ_f, predicted_occ_b, im;_1 predicted_mask and

1my predicted_mask as depicted in Figure 5.14. Then, predicted_flow_f,
predicted_flow_b, im;_1 predicted-mask and im; predicted-mask, predictedState;”
as well as vectors, storing the location and size information of ROIs at original or
global image coordinates, im;_i1locROI and im;locROI are sent to the novel “Re-
Identification Module Full Occlusion”, shown in Figure 5.16. “Re-Identification Module
Full Occlusion”differs from “Re-Identification Module”, shown in Figure 5.5, in terms
of additive functionality, designed to filter out the false alarm contours and to detect
the target during full occlusion state. The architecture of the novel “Re-Identification
Module Full Occlusion”is elaborated in as a pseudocode in Figure 5.15. The most im-
portant and unique functionality of this module is the calculation of the confusion scores
between the contours, detected in im;_1 predicted_mask and im; predicted_mask, and
deciding the best matching ones to re-identify the target after the full-occlusion state.
At the end of “Re-Identification Module Full Occlusion”, three different paths can be

followed depending on the result of the target detection as displayed in Figure 5.16.

If the target is not detected by “Re-Identification Module Full Occlusion”, and m,
the number of sampled ROI during loop iteration, is smaller than seven, the iteration
in the loop continues to sample another ROI search area, m is incremented with one,
“Target Is Not Found”warning is issued, and occlusion metrics, degreeOfOccRel and
degreeOfOccAll, are kept as 100%, meaning “Full Occlusion”. If the target is not de-
tected by “Re-Identification Module Full Occlusion”, and m equals seven, the iteration
in the loop ends, no more ROI sampling is performed, “Target Is Not Found”warning is
issued, and occlusion metrics, degreeOfOccRel and degreeOfOccAll, are kept as 100%,
tracking process returns to the beginning of the method via incrementing time ¢ by
one, and a pair of new images are read for the next iteration which follows the path to

detect the target under “Full Occlusion”state.
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Input:im;_q1 locROI,im; locROI, predicted_masks, predicted_flows
imy_1 refPizelCount,im; 1 refBboxSize

Output:detected_bboxes

1: function RE-IDENTIFICATION FuLL OCCLUSION(.) > Runs the algorithm
2: imy_y sy predicted-mask-filt «+— medianFilter(im;_, , predicted-mask)
3: imy_y sy contours « findContours(im,_, ;; predicted_mask_filt)

4: locROI_min_z/y,locROI_maz_z/y < determineLocROI(im;_; locROI)
5: pizelCount Lower Bound, sizeTarget Lower Bound < updateRefFeat()

6: for i < 1, size(imy_,; contours) do > Check size and visibility of contours
7 [contour_bbox Array, min_x/y, mazr_x/y] = findLoc(im;_, ;; contoursli]))

8: if maz_r —min_x < 2 | max_y — min_y < 2 then > Check size
9: ignore im,_; , contours|i] > Ignore outlier
10: else > Check visibility in locROI
11: if contour_bbox Array inside locROI then > Visibility satisfied
12: visible_contour_list < storeVisibleContours(min_x/y, max_z/y)

13: motionList_x/y < storeMotionVector(predicted_flow_f)

14: avgMotionVector, pizelCount, bboxSize + storeFeats()

15: contour FlowCheck «+ filterOutContour(contourFeat,ref Feat)

16: else > Visibility not satisfied
17: ignore im;_; ;; contoursli] > Ignore contour
18: end if

19: end if

20: end for

21: con fusionMatrix[i, j] < calcConfusionScore() (Fq¢.5.5) > Calculate confusion
scores of contours in ¢m;_1 and imy, satisfying step 15.

22: imy_y, detected bbox < findDetectedBbox(con fusionM atriz)> Find the coords.
of detected bboxes, using contours, satisfying step 21

23: end function

Figure 5.15. The pseudocode of the Re-Identification Module Full Occlusion.
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The third and last path is the one that will be followed after the target is detected,
as shown in Figure 5.14. After the target is fully occluded at the end of the 183rd image,
the “Full Occlusion”state stays until the 199th image when the target is detected by
“Re-Identification Module Full Occlusion”. Detection results, im;_;detected_mask and
imydetected_mask, are sent to “Occlusion Detector and Calculator Module”to detect
the occlusion, calculate the degree of it, and estimate predictedState; as depicted in
Figures 5.7, 5.8, 5.10, and 5.14, and as elaborated in Figures 5.9, 5.11, and 5.12. Then,
the loop for ROI sampling is broken without sampling the remaining possible ROIs,
and the predictedState; is shown at im;, and time ¢ is incremented by one. A pair of
new images is read for the next iteration, which follows the path to detect the target

under the “No Occlusion”or “Partial Occlusion”state as shown in Figures 5.4 and 5.14.

5.3.1.2. The Final Version of PFCNNOcc Tested in Real-Time UAV Dataset, UAV123.
The final version of the PFCNNOcc method tailors CNN models, trained using

UAV123 dataset [2] as explained in Section 5.2, to detect optical flow, occlusion, seg-
mentation, and classification during tracking under severe visual problems such as
out-of-view, partial, and full occlusion. The final version of the PFCNNOcc resolves
the unexpected issues faced during the initial tests of the first version of PFCNNOcc
with UAV123 dataset [2]. The reason for these problems is the differences between
scenarios from the S-UAV dataset [10] and UAV123 [2]. These differences are itemized

as

o There is a minor scale variation in the S-UAV dataset [10], but the UAV123
dataset [2] consists of sudden and large-scale changes in the image of the target.
Also, the size of the vehicles in the S-UAV dataset does not show a huge variance,
the vehicles have the optimal size that fits in the ROI window of size 250x250
easily with a high-resolution image quality. On the other hand, some vehicles in
UAV123 dataset [2] are small in size and have very low resolution, and the size
of some is even larger than the size of the ROI window.

o The vehicles in the S-UAV dataset [10] navigate almost at the same velocity with

an equal amount of pixel displacement between the video frames. In the UAV123
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dataset [2], the vehicles demonstrate different motion types such as stop, forward,
and backward motion with acceleration or deceleration, or constant but different
speed levels.

o The vehicles in the S-UAV dataset [10] do not occlude each other, hence they
do not merge while driving. However, the tracked vehicle is occluded and also

merged with other vehicles in the UAV123 dataset [2].

Hence, the overall architecture of the final version of PFCNNOcc, resolving the is-
sues, itemized above, and outperforming the SOTA trackers in the UAV123 dataset [2]
against all visual problems especially partial and full occlusion, is shown in Figure
5.17. At the beginning of the iteration, two consecutive images of size 720x1280
(height,width), im;_; and im,, are read from the folder where the video or image
sequences from the UAV123 dataset [2] are stored. At this point, the way to approach
tracking problems changes vitally depending on the percentage of degreeOfOccAll as
explained in Section 5.3.1.1. Hence, there are three different paths to choose for three
different states; 1. No Occlusion, 2. Partial Occlusion and 3. Full Occlusion. The
diagram in Figure 5.3, illustrating the transition of these states, is also valid for the

final version of PFCNNOcec.

While the details of the final version of PFCNNOcc are explained in this section,
the common functions, also explained for the first version of PFCNNOcc in Section
5.3.1.1, are skipped, and only the important and newly designed or evolved functions
are considered. Before going deep into the flow diagram, shown in Figure 5.17, these

vital and recently developed, novel functionalities are summarized as;
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o Calculation and the control of the scale and aspect ratio variations to get rid of
false alarms in occlusion detection,

o Decision to rescale the target depending on its size from the previous iteration,

e Detection of the sudden occlusion by another vehicle or the merged condition
between the tracked vehicle and the others,

o Design of the evolved “Re-Identification Module Final PFCNNOcc”, “Occlusion
Detector and Calculator Module Final PFCNNOcc”, and “Full Occlusion ROI
Dense Search Module Final PFCNNOcc”depending on the contributions, men-

tioned above.

The functionality of the path that will be followed during No Occlusion (< 30%)
state, shown in Figure 5.17, is explained in the following paragraphs. degreeOfOccAll
is set as 0 before the tracking process starts. targetLostldx is set to 0 to keep the
counter of the full occlusion state during tracking. For the first image pair at t = 0,
the location, the size, and the class information of the bounding box of the target
on imy_q are read from the ground truth file, and the tracking process starts. Then,
ROI boxes, cropped_im;_1 and cropped_im, (3x250x250 (channelXwidthXheight)), are
cropped from both images, im;_; and im;, using “Crop ROI Images Final PFCN-
NOcc’module. This module decides whether rescaling is required. If the width and
height of the target are smaller than 75 pixels, then the rescale variable is set to
“true”’and the images are rescaled by 2. degreeOfOccAll and actual_non_occ_pixel_cnt
counters are multiplied by 4 if the rescaling state is changed from no rescaling to up-
scaling condition at this iteration. Otherwise, if the width or the height is larger than
200 pixels, rescale is set to “downscale”, and the images are downscaled by 2. de-
greeOfOccAll and actual_non_occ_pixel_cnt counters are divided by 4 if the rescaling
state is changed from no rescaling to downscaling condition at this iteration. If both
conditions mentioned above are not met, then the rescaling is not applied, and the
rescaling is set to “false”. Since the rescaling state is just changed in this iteration to
no rescaling condition, the correction to degreeOfOccAll and actual_non_occ_pixel_cnt
counters is applied once, as mentioned above, as long as no rescaling condition is re-

tained. The lower bounds for reference pixel count and reference bounding box size,
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pixelCount Lower Bound and sizeT arget Lower Bound, are also updated adaptively by
the division of actual_non_occ_pixel_cnt with 4 that are used by “Re-Identification Mod-

ule Final PFCNNOcc”as illustrated in Figure 5.20.

After cropping the ROI images, the local ROI search area is calculated adaptively

as

locROI_min_x = bbox1_GT _x — bbox1_GT _w

locROI min_y = bbox1_GT_y — bbox1_GT_h (58)
5.8
locROI _max_x = bbox1_GT _x + bbox1_GT -w * 2

locROI_max_y = bbox1_GT _y + bbox1_GT_h * 2

where the location and the size information of bbox1l_G7T are used to find locROI at
t = 0. While ¢t > 0, the location and the size information of the bounding box from

estimateStates;_, are tailored to calculate the locROI search area.

If t = 0, the bounding box, im;_;bbox, is cropped using the ground truth data
and is utilized to extract the different reference features: 1. The normalized histogram
of the color channels in RGB and HSV spaces. 2. The reference feature, the refer-
ence class ID, and the reference class probability. While the reference histograms of
the different color channels are utilized in “Re-Identification Final PFCNNOcc Mod-
ule”to re-identify the tracked target, the reference feature and reference class ID are
used in the “PFCNN Module”to find the likelihood and class scores of particles and to
update their weights, as explained in Section 3.1. Then, the cropped images are fed
into “Flow Model and Occlusion Model”as well as “Segmentation Model”to predict the
forward and backward optical flow maps, predicted_flow_f and predicted_flow_b, for-
ward and backward occlusions maps, predicted_occ_f and predicted_occ_b, segmented
masks, im;_q_predicted_mask and im;_predicted_mask, for both images as shown in

Figure 5.17.
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After predictions for optical flow, occlusion, and segmentation are computed,
“Re-Identification Final PFCNNOcc Module”starts. The pseudocode, elaborating the
logic of the algorithm, is given in Figure 5.18. In the final step of the pseudocode,

con fusionScore between the detected contours in im;_; and im; is calculated as

RGB_hist_imy_q,; = histogram_RGB(cropped_imy_1 ;)

HSV _hist_imy_y,, = histogram_HSV (cropped_im,;_1 ;)

m=0

RGB_hist_im;_y - ref RGB_Hist
RGB_hist_imy_q ’ \|\ref-RGB_Hist||,

HSV _hist_imy_q - ref HSV _Hist (5.9)
HSV _hist_imy_y , |\ref-HSV _Hist||,

1
2
eucDist_imy_ ) = \J Z (estimateStatest_l[m] — My /t_bb0x>

cosDist_RGB_imy;_ 1), =

cosDist_HSV _imy_y ), =

cosDistTotal = cosDist_RGB_im;_; * cosDist_HSV _im;_y
x cosDist_RGB_im; x cosDist_HSV _imy;

eucDistTotal = eucDist_im,_; * eucDist_im,

cosDistTotal

con fusionScore = ————
/ eucDistTotal

where eucDist_im,_; and eucDist_im, are the Euclidean distance measurements be-
tween the vectors, storing the corner position of the bounding box for the pair of visible
contours and the estimated target position in the previous iteration, estimateStates; 1,
and cosDist_ RGB_imy_1, cosDist_ HSV -im;_1, cosDist_RGB_im;, cosDist_HSV -imy
refer to the cosine distance measurements between the feature vectors, storing his-
tograms of RGB and HSV channels of cropped images, cropped_imy_,, and refer-
ence RGB and HSV histogram features, ref_RGB_hist and ref_HSV _hist. The
confusionScore is calculated by the division of cosDistTotal with eucDistTotal.
While the features in RGB and HSV histograms of the cropped images and refer-
ence images get closer, cosDistTotal increases and converges to 1. On the other hand,
when the distances between the location of bounding boxes of the visible contours
and the estimated location of the target are close, eucDistTotal decreases and con-

verges to 0. Therefore, confusionScore is calculated to measure how much a pair
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of visible contours resemble each other. The more similar they are to each other,
to higher the confusionScore. The confusionScores for each pair of contours are
stored in confusionMatrixz. The way the confusionMatriz is calculated is one of
the most important and unique features of “Re-Identification Final PFCNNOcc Mod-
ule”, compared to the “Re-Identification Module”and “Re-Identification Module Full
Occlusion”of the first version of PFCNNOcc, explained in Section 5.3.1.1.

When the re-identification of the target is completed, the “Occlusion Detector
and Calculator Module Final PFCNNOcc”, designed for the final version of PFCN-
NOcc, is utilized to detect or fine-tune forward and backward occlusion maps as well
as to calculate the relative occlusion, degreeOfOccRel, and the overall occlusion, de-
greeOfOccAll. Otherwise, it is declared as full occlusion, and the function for the full
occlusion case runs for the next iteration. As illustrated in Figure 5.19, the novel
“Occlusion Detector and Calculator Module Final PFCNNOcc”is designed with the
combination of three distinct functions: 1. “Forward Processor”, 2. “Backward Pro-
cessor”, and 3. “Occlusion Calculator Final PFCNNOcc”. “Forward Processor”and
“Backward Processor”sub-modules, designed for the “Occlusion Detector and Calcula-
tor Module”of the first version of the PFCNNOcc, are already utilized in “Occlusion
Detector and Calculator Module Final PFCNNOcc”as they are, and the functionality
of these sub-modules is not detailed here. But the “Occlusion Calculator Final PFC-
NNOcc”is re-designed, and utilized with the new functions that are developed to keep
track of the aspect ratio and scale variations of the estimated bounding box of the
target to get rid of the false alarm conditions during the occlusion calculations. The
function of this sub-module is key in deciding the reasons for the pixel reduction on

the scene.

If the pixel count of a target is decreasing during tracking, there are two rea-
sons: 1. Decrease in scale, mostly associated with aspect ratio variation, 2. Occlusion.
“Occlusion Calculator Final PFCNNOcc”is a function at the last phase of “Occlusion
Detector And Calculator”, and is designed to calculate the “degreeOfOccRel”and “de-

greeOfOccAll”as well as the preliminary estimate of bounding box location and size
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Input:im;_1 locROI,im; locROI, predicted_masks, predicted_flows

imy—1 refPizelCount,im;—1 refBboxSize,locROI_min_x/y,locROI_maz_x/y,

pizelCount Lower Bound, sizeT'ar get Lower Bound, cropped_im;_1 ;,re f _RGB_Hist
ref_HSV _Hist

Output:detected_bboxes

1: function RE-IDENTIFICATION FINAL PFCNNOCC(.) > Runs the algorithm
2: imy_y sy predicted_mask_filt < medianFilter(im,_,, predicted mask)

3: imy_y sy contours < findContours(im,_, ;; predicted_mask_filt)

4: for i < 1, size(im;_y contours) do > Check size and visibility of contours
5: [contour_bbox Array, min_x/y, max_z/y| = findLoc(im,_, , contoursli]))

6: if max_x —min_x <2 | max_y —min_y < 2 then > Check size
7 ignore im;_; /; contoursi > Ignore outlier
8: else > Check visibility in locROI
9: if contour_bbox Array inside locROI then > Visibility satisfied
10: visible_contour_list + storeVisibleContours(min_x/y, max_x/y)

11: motionList_z/y < storeMotionVector(predicted_flow_f)

12: avgM otionVector, pizel Count, bboxSize < storeFeats()

13: contour FlowCheck «+ filterOutContour(contour Feat,ref Feat)

14: classScoreldr < calcClassldx(cropped_im;_, ;)

15: else > Visibility not satisfied
16: ignore im;_,/, contoursli] > Ignore contour
17: end if

18: end if

19: end for

20: if Steps 13 and 14 satisfied then

21: con fusionM atrix < calcConfusionScore() (Eq.5.9)

22: imy_y ¢ detected bbox < findDetectedBbox(con fusionMatrix)

23: else

24: degreeO fOccAll, degreeO fOccRel(%) + 100% > Target is lost/not found.
25: end if

26: end function

Figure 5.18. The pseudocode of the Re-Identification Module Final PFCNNOcc.
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in 250X250 local image coordinates, est Box, using the inputs from “Forward Proces-
sor”’and “Backward Processor”. The pseudocode, elaborating the “Occlusion Calculator

Final PFCNNOcc”, is given in Figure 5.21.

Re-ldentification
Module

predicted flow f

iter=179

cropped_im ||

cropped im ¢

predicted_flow_b

iter=179

xoqq pajoaraprui Tl

:

Occlhsion
| Detector- |
Forward
ProcTssor

im¢.; detected mask non occ cnt
im¢.; detected mask_seen_pixel_cnt
will_be_occ_cnt
sumOfMotionVector_x
sumOfMotionVector_y

im¢.q occlusion_map ' ! im¢ occlusion_map
- Particle

degreeOf(SccReI (%) =
degreeOfOccAll (%) estBbox Filter

Module

im¢ detected mask_non_occ_cnt
im¢ detected mask_seen_pixel_cnt
im; detected mask_seen_pixel
already_occ_cnt

Occlusion Detector and
Calculator Module Final
PFCNNOcc

Figure 5.19. Occlusion detector and calculator module final PFCNNOcc.
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The final phase of the tracking process is the estimation of the state variables
using the “Particle Filter Module”, shown in Figure 5.13. It is utilized in the same
manner as designed and used in the first version of PFCNNOcc, elaborated in Section
5.3.1.1, hence, the usage of “Particle Filter Module”is not detailed in this section. After
the estimate of the state variables, estimateState;, is calculated, the rescaling, applied
in the beginning of the iteration depending on the size of the target, is applied again
in a reverse manner to find the value of the estimate of the state variables in original
image coordinates. Then, estimateState; is utilized to crop images at the beginning

of the next iteration as illustrated in Figure 5.17.

Another important functionality, designed exclusively for the final version of the
PFCNNOcc, is called “Merged Target Detection”. As understood from the title of
the function, it is aimed to detect the condition or instant that the tracked target is
suddenly occluded by a different vehicle or merged while they navigate almost side-
by-side. As a consequence of this instant, the vehicles seem to be merged, and the
segmentation masks of the sampled ROI images show that the number of pixels, be-
longing to the tracked car, becomes very large as shown in Figure 5.22. Merged target
condition is detected by comparing the areas of the bounding boxes depending on the
estimate of state variables at previous and current iterations, estimateState;_; and
estimateState;. If the area of the bounding box of the target at time, ¢, is larger than
the product of the adaptive coefficient and the area of the target at time ¢ — 1, then
the merged target condition is flagged, and a counter for this instant is started. A
threshold for the area of the bounding box is stored so as to keep it as a reference value

in the beginning of this condition, and estimateState; is updated as

estimateState;]0 : 1] =estimateState; 1[0 : 1]+ (5.10)
5.10

lavgMotionVector,, avgM otionV ector,]
where avgMotionVector, and avgMotionVector, refer to the reference motion vec-
tor with which the tracked target is navigating. Hence, updating estimateState; with
Equation (5.10) eliminates the error, introduced in the estimation process of the lo-
cation of the target at time t, estimateState;[0 : 1]. These errors are introduced by

the merged targets, illustrated in Figure 5.22. The most important reason to update
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Input:im;_, ;-detected_mask_non_occ_cnt,im;_, ;;-detected_mask_seen_pixel cnt,
will_be_occ_cnt, sumO f M otionV ectors, im;_detected_mask_seen_pizel, already_occ_cnt

Output:degreeO fOccRel, degreeO fOccAll, est Bbox, avgM otionV ectors

1: function OccLUSION CALCULATOR FINAL PFCNNOcc(.)
2: est Bbox[min_x/y, maz_x/y] = findLoc(im,_detected_mask_seen_pixel)

3: if t == 0 then

4: actual_non_occ_pixel _cnt < imy_1 _detected_mask_seen_pixel _cnt

s aspectRatioRef « perzcstiorl)

6: else

7 aspectRatio  SiBlelzestbluc

8: if im;_detected_mask_seen_pixel_cnt > actual_non_occ_pixel_cnt then

9: if aspectRatioRef % 0.9 < aspectRatio < aspect RatioRef * 1.1 then
10: scaleChange < True, rotation < False, degreeO fOccAll(%) < 0
11: else

12: scaleChange < True, rotation < True, degreeO fOccAll(%) < 0
13: end if

14: actual_non_occ_pixel_cnt < im;_detected_mask_seen_pixel _cnt

15: aspectRatioRef <+ aspectRatio

16: else

17: if aspectRatioRef % 0.9 < aspectRatio < aspectRatioRef * 1.1 then
18: scaleChange < True, rotation < False, degreeO fOccAll(%) + 0
19: actual_non_occ_pixel _cnt < imy_detected_mask_seen_pixel _cnt

20: aspect RatioRe f < aspect Ratio

21: else

22: scaleChange < False, rotation < False

93: degreeO fOccAll(%) «— (aatual-non_occ_pz‘zelczi?i;lz;zwgilziiﬁgﬁgjf_seen_pi:cel_cnt)*100
24: end if

25: end if

26: end if

27: degreeOfOccRel(%) imt_detected_mask_nonzfélclé?fégffﬁﬁ?gcc_cnt+already_occ_cnt

28: end function

Figure 5.21. The pseudocode of the Occlusion Calculator Final PFCNNOcc.
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estimateState; with a random walk model is to keep the estimate of the location of
the target in its own trajectory. Using the estimateState; in “Re-Identification Final
PFCNNOcc Module”, shown in Figure 5.20, enables to re-detect the tracked target

correctly when the merged target condition vanishes.

cropped_imzg, occ

imagesg> (No Occlusion-
No Merged Targets)

imzg, predicted_mask

cropped_im occ
imagezgs (Car Occluded- Ll k'~ 282

Merged Targets)

imzgs predicted_mask

cropped_imgjg occ

5= I-T‘

image3z10 (No Occlusion-
No Merged Targets)

im3q9 predicted_mask

Figure 5.22. Merged target detection problem.
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During the end of the next iterations, if the area of the estimated bounding box
of the target at time t, estimateState;, is larger than the product of the adaptive
threshold and the reference value, the merged target condition keeps on, the counter
for the condition is incremented, and estimateState; is updated as given in Equation
(5.10). Otherwise, it is understood that the merged target condition ends, the counter
is set to 0 for the re-initialization in case of a possible merged target condition, and
estimateState, is update by equalizing to estimateState; 1 to resume the tracking from
the last know position of the target as shown in Figure 5.22. The adaptive coefficient
is calculated by averaging the scale factors, found by the division of the areas of the
estimated bounding boxes of the target, estimateState;_; and estimateState;, up to
the current iteration, and multiplying the average by a constant, 1.5. This constant
is chosen to consider the maximum scale variation between consecutive frames. In
UAV datasets, especially in the UAV123 dataset [2], it is not possible to face such
a huge scale variation between two frames compared to the adaptive coefficient. If
this adaptive coeflicient is exceeded, it should be just an indication of a merged-target

condition. This is the end of a tracking iteration if degreeOfOccAll is smaller than 30
%.

The functionality of the path that will be followed during Partial Occlusion
(30% < & <100%) state, shown in Figure 5.4, is explained in the following para-
graphs. Instead of explaining all processes on this path, just the differences from the
path, followed during degreeOfOccAll, is smaller than 30 %, are elaborated. The ini-
tialization, ROI image sampling, and the application of CNN models are the same
until “Re-Identification Module Final PFCNNOcc”, as illustrated in Figure 5.20. The
differences in “Re-Identification Module Final PFCNNOcc for this path are itemized

as;

 pixelCountLowerBound and sizeTargetLowerBound are set to 0 instead of an
adaptive number, calculated in the path while the degreeOfOccAll is smaller
than 30 %. The reason for taking these threshold values as 0 is the uncertainty

about the percentage of the occlusion, the target faces.
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o While the confusionScores for each pair of visible contours from im;_; and im;
are calculated, the check conditions for contourClassldx’s are ignored, because
the target is highly deformed depending on the percentage of the occlusion, and
the “Classifier Model”would give misleading results accordingly.

o If the detected contours that does not satisfy the validity of the contoursVisible,
contourFlowChecks, flowCheckValid flags or if no contour is detected, then the
target lost condition is issued, degreeOfOccRel and degreeOfOccAll set to 100%
and the “Full Occlusion ROI Dense Search Module Final PFCNNOcc” function

is followed during next iterations.

The last difference is that “Particle Filter Module”is not utilized in this path.
The predicted target state value is set to the pre-estimate location of the target, and
also equalized with estimateState;. This is the end of a tracking iteration if 30% <
degreeO fOccAll < 100%. In summary, the iteration starts with “Partial Occlusion”,
because degreeOfOccAll was between 30% and < 100%. Depending on the tracking
process, explained up to now, the state of occlusion can transition to No Occlusion and
Full Occlusion as different states. Also, it can stay at its own state, Partial Occlusion,

as shown in Figure 5.3.

The functionality of the path that will be followed during Full Occlusion (= 100%)

state, shown in Figure 5.17, is explained in the following paragraphs.

If the target is lost, and degreeOfOccAll is calculated as 100% at the end of the
previous iteration, then, “Full Occlusion ROI Dense Search Module Final PFCNNOcc”,
shown in Figure 5.23, takes the role of detecting and tracking the lost target during
the present iteration as depicted in Figure 5.17. It should be noted that during the full
occlusion, when vm;_» and im;_; are input images, outputonim;_; is shown in Figure
5.23 as an output of the method in Figure 5.17. Red circle is drawn on im;_5 to border
a small part of the target or car, visible at time t-2. The car is fully occluded at im;_1,
and the full occlusion state occurs as displayed at outputonim;_i. At that moment,

time is incremented as, t =t 4 1, and the full occlusion state starts.
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At the beginning of the full occlusion state, two images, 1m;_; and im;, are read,
and predictedState; is updated as in Equation (5.6). Then, the “Closed-Loop Target
Detection Processor Final PFCNNOcc”sub-module takes the role of processing the
dense search method based on an iterative sampling loop around the target as shown
in Figure 5.23. At this point, it is preferred to elaborate just the differences of the “Full
Occlusion ROI Dense Search Module Final PFCNNOcc” in Figure 5.23 from the “Full
Occlusion ROI Dense Search Module” in Figure 5.14, designed for the first version of
PFCNNOcc that is explained in Section 5.3.1.1, and these differences are itemized as;

o The loop for dense search or sampling is initialized to enable to sample fifteen,
250X250 ROI's, m,m = 0,1, ..., 14, using Equation (5.7), as shown with the dif-
ferent colors in Figure 5.23 instead of eight ROI’s, sampled by the “Full Occlusion
ROI Dense Search Module” in Figure 5.14 for the first version of PFCNNOcc.
Sampling more ROI’s around the predicted position of the occluded target in a
dense manner increases the possibility of re-detection, especially, after a long-term
occlusion. Hence, sampling more ROI means dense sampling. After a long-term
full occlusion state occurs, it is impossible to predict the motion vector of the
target. As long as the long-term occlusion continues, the error between the pre-
dicted motion vector and the actual motion vector accumulates. Hence, sampling
densely alleviates the accumulated error and increases the possibility of detecting
the target after the long-term full occlusion state vanishes.

o To re-detect the target in the sampled ROI’s, the “Re-Identification Module Fi-
nal PFCNNOcc”, shown in Figure 5.20, is tailored instead of “Re-Identification
Module Full Occlusion”; designed for the first version of the PFCNNOcc. The
details of the “Re-Identification Module Final PFCNNOcc”are elaborated under
the explanations for the functionality of the path that will be followed during No
Occlusion (< 30%) state.

As illustrated in Figure 5.23, “Re-Identification Module Final PFCNNOcc re-
detects the target at t=252, from the “Full Occlusion ROI Dense Search Module Final
PFCNNOcc”, after a long-term full occlusion state starts at t=194. Even though the
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long-term full occlusion state extends over 60 frames with a very large displacement,
the target is detected successfully. The detected masks, im; 1 detected mask and
imy detected mask, are sent to the “Occlusion Detector and Calculator Module”, de-
signed for the first version of PFCNNOcc, to detect and calculate the occlusion and its
degree. At the end of this process, the loop is broken to get rid of unnecessary, further
ROI sampling and to change the Full Occlusion state to the “No Occlusion”or “Partial
Occlusion”states, depending on the number of pixels of the targets in detected masks.
The bounding boxes for the estimated values of the predictedState;, the ground truth,
and the ROI are drawn in blue, green, and yellow colors on the image, imossestimated,
respectively, as shown in Figure 5.23. Finally, a pair of new images is read for the
next iteration, which follows the path to detect the target under the “No Occlusion”or

“Partial Occlusion”state as shown in Figures 5.17 and 5.23.

5.4. Experiments

5.4.1. Experiments with the Training of the CNN Models

During the training of “Flow Model”and “Occlusion Model”, EPE loss function is
used for optical flow error, while the average F1 score function is utilized for occlusion
error. Training is conducted for 100 epochs using the PyTorch library on two RTX
2080 TI GPUs. The batch size is set to 12, depending on the size of the CNN models
and the images used during training, as well as the capacity of each GPU (11 GB).
Adaptive Moment Estimation (ADAM) [90] is used as the optimizer with a learning
rate and weight decay parameters of 1075 and 4x10~%, respectively. The entire S-UAV
dataset [10] is used for training, with 10% of the set utilized for validation. When the
training stopped at the final epoch, validation losses for “Occ Model”, F1 estimated
moving average (Fl-ema), and for “Flow Model”, EPE-ema, are respectively, found to

be 0.0169 and 0.1106.

The training of “Segmentation Model”, shown in Figure B.6, is performed for

10 epochs using the PyTorch library on two RTX 2080 TT GPUs. The batch size is
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set to 4 without any concern about the capacity of GPUs and the size of the CNN
model, as well as the input images. Root Mean Squared Propagation (RMSProp) [96]
is used as the optimizer with a learning rate and momentum parameters 10~ and
0.999, respectively. The entire S-UAV dataset is used for training, with 10% of the set

utilized for validation.

The re-training of “Segmentation Model”, shown in Figure B.6, with the segmen-
tation ground truth dataset of UAV123 [2], explained in Section 4.3, is performed for
150 epochs using the PyTorch library on two RTX 2080 TT GPUs. The batch size is set
to 4 without any concern about the capacity of GPUs and the size of the CNN model
as well as the input images. RMSProp [96] is used as the optimizer with a learning rate
and momentum parameters of 107 and 0.999, respectively. Moreover, the optimizer
has a scheduler to reduce the learning rate on a plateau. Gradient scaling and clipping
are utilized to control gradient magnitude during learning. The entire segmentation
ground truth of the UAV123 dataset [2] is used for training, with 10% of the set utilized
for validation. When the training stopped at the final epoch, training seg loss ema is
found to be 0.0718, validation segloss ema is 0.0003, and as a measure to show the
success of the “Segmentation Model”, the validation dice score is calculated as 0.9163.
At the end of the training, it is observed that the learning rate is reduced to 10~® by
the scheduler.

The training of “Classifier Model”, shown in Figure B.7, is conducted for 50
epochs using the PyTorch library on two RTX 2080 TI GPUs. The batch size is set to
4 without any concern about the capacity of GPUs and the size of the CNN model as
well as the input images. ADAM [90] is used as the optimizer, and the learning rate is
set to 1073, The entire S-UAV dataset is used for training, with 10% of the set utilized

for validation.

The re-training of “Classification Model”, shown in Figure B.7, with the classifi-
cation ground truth dataset of UAV123 [2], explained in Section 4.3, is performed for
22 epochs using the Pytorch library on two RTX 2080 TI GPUs. The batch size is set
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to 4 without any concern about the capacity of GPUs and the size of the CNN model,
as well as the input images. ADAM [90] is used as the optimizer, and the learning rate
is set to 107*. The entire UAV123 dataset is used for training, with 10% of the set,
utilized for validation. When the training stopped at the final epoch, training class loss
ema is 0.3835, validation class loss ema is 0.0066, and the percentage of total successful

class predictions during training and validation is 99. This is a satisfactory result.

Hyperparameters, such as the number of epochs, the batch size, and the learn-
ing parameters for the optimizers (the learning rate, momentum parameters, scheduler
parameters, etc.) for CNN models are decided depending on the training/validation
scores and losses, derived at the end of many iterations. The most optimal hyperpa-

rameter set is utilized to train CNN models.

5.4.2. Experiments with the First Version of the PFCNNOcc

The first version of the novel PFCNNOcc algorithm, displayed in Figure 5.4 is
tested using seven different scenarios from the S-UAV dataset [10], c.a_6_0_g, c.a_2_0_g,
ac10g aa20g aaldlg aallg aal0g According tothe scenario naming
policy, presented in Figure 4.2, the scenarios or videos simulate the environments,

explained in the following items.

o Urban areas with heavy traffic and trees.

o Urban areas with industrial facilities.

o Rural areas, populated with forest.

o Sunny weather.

o All visual problems, especially partial and full occlusion.

o Long-term, full occlusion combined with other visual problems.

Tests are run using the PyTorch library on two RTX 2080 TI GPUs, and the speed
of the processing is 0.5 fps. Before the iteration starts, there are several parameters

that are used during target tracking. First of all, imagelD, trackID and catID are set
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to enable to start tracking the target or vehicle that is determined before the process
initiates. The number of particles, j, tailored by the “Particle Filter Module”is chosen
as 25, and the variance of the noise parameters for the process and measurement

equations are;

e ¢ = 4 for the position variables of z; in the process equation,
o r =1 for the dimension variables of z; in the process equation,

« P =10.00001 for z;, measurement variable in the measurement equation.

The number of particles and the noise parameters are chosen considering the role of the
“Particle Filter Module”in the method. “Particle Filter Module”is utilized to fine-tune
the pre-estimated location and the size of the target. Therefore, the number of particles,
7, is selected as 25, which is enough to sample around the pre-estimated location of the
target, and it is a very low quantity compared to the number of particles utilized by
the PFCNN, explained in Section 3.1.4.1. The selection of the noise parameters affects
the perimeter of the area where the particles are spread, and the similarity between the
measured feature and that of the ground truth inside the likelihood calculation. Hence,
noise parameters are selected very small to sample the particles in a close proximity of

the pre-estimated location of the target for fine-tuning purposes.

Size of ROI, size_ROI, is set as 250X250 by default because of the size of images
that are used during the training of “Flow Model”, “Occlusion Model”, “Segmentation

Model”, and “Classifier Model”.

At the beginning of the iteration, two images are read at the same time, hence,
the batch size is selected as 1. The number of ROI search areas that are sampled in “Re-
Identification Module Full Occlusion”after the “Full Occlusion”state occurs, m = 8, to
cover or sample the area of uncertainty around the last known position of the target.
The selection of the number of ROI, m, is carried out based on the possible duration
of the long-term full occlusion in the dataset, and it is guaranteed that the selection is

satisfying to sample the area where the target is seen again.
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At the end of each iteration, the precision and success scores are calculated to
evaluate the performance of the novel method. In the meantime, flow loss, occlusion
loss, and segmentation loss are found and plotted using the ground truth data from the
S-UAV dataset [10]. The success of the “Classifier Model”is measured by creating the
confusion matrix at the end of the scenario. If the “Full Occlusion”state is in progress,
no measurement is taken, evaluated, or plotted because of the missing target on the

scene.

5.4.3. Experiments with the Final Version of the PFCNNOcc

The final version of the PFCNNOcc method, illustrated in Figure 5.17, is tested
with 21 videos or image sequences, selected from the UAV123 10 fps dataset [2]. The
selected image sequences are listed in Table 5.1. As realized, the image sequences,
including boat and car sequences with very low resolution, recorded from the UAVs
that are flying at high altitudes, are excluded. One of the important differences of the
UAV123 10 fps dataset, compared to the S-UAV dataset [10] and the UAV123 30 fps
dataset, is the magnitude of the motion vector of the cars or targets. One of every three
frames is kept; hence, the displacement of the target between the frames becomes equal
to three times of the displacement in the UAV123 30 fps. Therefore, the uncertainty

in the target motion becomes larger, and the tracking process gets more challenging.

All these image sequences include more than one visual problem at the same
time. Four image sequences, carl_2, carl_3, car_2, and car_7, include partial and full

occlusion as well as additional visual problems.

Tests are run using the PyTorch library on two RTX 2080 TI GPUs, and the
speed of the processing is 0.5 fps. Before the iteration starts, there are a number of
parameters that are used during target tracking. The number of particles, j, tailored
by “Particle Filter Module”is chosen as 15, and the variance of noise parameters for

the process and measurement equations are;
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e q = 2 for the position variables of x; in the process equation,
o r =1 for the dimension variables of z; in the process equation,

« P =10.00001 for z;, measurement variable in the measurement equation.

The number of particles and the noise parameters are chosen considering the role of the
“Particle Filter Module”in the method. “Particle Filter Module”is utilized to fine-tune
the pre-estimated location and the size of the target. Therefore, the number of particles,
7, is selected as 15, which is enough to sample around the pre-estimated location of the
target, and it is a very low quantity compared to the number of particles utilized by
the PEFCNN, explained in Section 3.1.4.1. The selection of the noise parameters affects
the perimeter of the area where the particles are spread, and the similarity between the
measured feature and that of the ground truth inside the likelihood calculation. Hence,
noise parameters are selected very small to sample the particles in a close proximity of

the pre-estimated location of the target for fine-tuning purposes.

Size of ROI, size_ROI, is set as 250X250 by default because of the size of images
that are used during the training of “Flow Model”, “Occlusion Model”, “Segmentation
Model”, and “Classifier Model”. During an iteration, two images are read at the same
time, hence, the batch size is selected as 1. The number of ROI search areas that are
sampled in “Re-Identification Module Full Occlusion Final PEFCNNOcc”after the “Full
Occlusion”state occurs, m = 15, to cover or sample the area of uncertainty around the
last known position of the target. The selection of the number of ROI, m, is carried
out based on the possible duration of the long-term full occlusion in the dataset, and
it is guaranteed that the selection is satisfying to sample the area where the target is
seen again after the full occlusion is ended. At the end of each iteration, the precision
and success scores are calculated to evaluate the performance of the novel method. If
the “Full Occlusion”state is in progress, no measurement is taken, evaluated, or plotted

because of the missing target on the scene.
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Table 5.1. Selected image sequences from UAV123 10 fps dataset to test the final
version of PFCNNOcc.

Name Of | Start | Stop Is | Scale A;L’gg‘ Low Fast Full | Partial |Out-Of- [llumination|Viewpoint/Camera | Similar
Sequence| Frame | Frame |Tested? [Variation Change Resolution | Motion [Occlusion|Occlusion| View | Variation | Change | Motion | Object
boat1 1 301 | NO

boat2 1 267 | NO

boat3 1 0L | NO

boat4 1 185 | NO

boat5 1 169 | NO

boat6 1 260 | NO

boat? 1 179 | NO

boat8 1 220 | NO

boats 1 467 | NO

carl1l | 1 250 | YES |

carl2 | 1 202 | YES

carl 3 | 1 335 | YES |

car2 1 441 | YES

car3 1 [ 513 [ ¥Es |

card 1 443 | YES

car5 1 249 | YES

car6 1 | 1 163 | YES

car6 2 | 1 441 | YES

car6 3 | 1 383 | YES

car6 4 | 1 325 | YES

car6 5 | 1 313 | YES

car? 1 345 | YES

carg 1 | 1 453 | YES

car8 2 | 1 407 | YES |

car9 1 627 | YES

carl0 | 1 | 469 | YES |
carll 1 113 NO

carlz | 1 167 | NO '

carl3 | 1 [ 139 [ no |

carld 1 443 | NO

carls 1 157 | NO _

carl6 1| 1 139 | YES |

carlg 2 | L 527 | YES |

carl? 1 353 | YES [

carig8 | 1 [ 403 [ ¥ES |
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5.4.4. Experiments for the Ablation Study with the Final Version of the
PFCNNOcc

To achieve the ablation study of the final version of the PFCNNOcc, three differ-
ent versions of the PFCNNOcc are created based on the PFCNNOce. These versions

and their features are explicated in the following items.

o PFCNNOccWOM (PFCNNOcc without Merged Target Detection): This version
is created by disintegrating the “Merged Target Detection”function from PFCN-
NOcc, elaborated in Section 5.3.1.2.

o PFCNNOccWOOccCale (PFCNNOcc without Occlusion Calculator): This is
a version of PFCNNOcc without the “Occlusion Calculator”, which is a sub-
function of the “Occlusion Detector and Calculator’module, explained in the
Section 5.3.1.2. It runs without the calculation of the degreeOfOccAll, and it
makes the method to be unaware of the occlusion state.

o UDSCNNOcc (Uniform Dense Sampling CNN Occlusion): This version is formed
based on the PFCNNOcc by integrating a uniform dense sampling method, de-
signed in the context of this thesis, in the place of the “Particle Filter Module”,
shown in Figure 5.13. This method samples 16 bounding boxes on the rough esti-
mate of the target from “Occlusion Detector and Calculator”’module. Sampling is
achieved by creating 1 pixel space between bounding boxes uniformly along x and
y axes in the image coordinates. The width and height of the bounding boxes are
sampled in the same manner that “Particle Filter Module”does. The similarity
scores for samples are calculated by multiplying the cosine distance between the
features of the samples and the reference feature with class probabilities, com-
puted as in Equation (3.14). The features of the samples are extracted from the

“Classifier Model”, explained in Section 5.2 and Appendix B.

Tailoring the “Re-Identification Module Final PFCNNOcc "and the “Occlusion
Detector 7sub-function of the “Occlusion Detector and Calculator "module for the

ablation study is impossible in terms of their vitality for the target and occlusion
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detection purposes. Without these modules, any version of the PFCNNOcc can not

run an iteration successfully.

The procedures and the parameters/hyperparameters, tailored during experi-

ments for the ablation study, are the same as the ones used for the PFCNNOcc,

explained in Section 5.4.3.

5.5. Discussion

The first version of the PFCNNOcc method, elaborated in Section 5.3.1.1, is

tested with the selected videos from the S-UAV dataset [10], [11], and the simulation

results are presented and examined in Section 6.3.1. Depending on the precision and

success scores, the PFCNNOcc is very robust in estimating the location and the size

of the bounding box for the target during tracking. The secrets of the success of the

method, lying behind, are elaborated in the following items.

(i)

(iii)

The loss results of the CNN models show that the predictions for the flow and
occlusion maps, as well as segmentation masks, have very high precision. The
success of these models increases the accuracy in the estimation of the location
and the size of the target, as well as in the classification and identification.
While predicted flow vectors provide the correct displacement of the targets,
they contribute to the highly precise estimation of the location of the target
with very high kinematics in the next frame of the image sequence. Having
an averaged motion vector, calculated by using predicted flow vectors from the
previous iterations, provides an opportunity to predict the possible locations of
the target correctly under short-term or long-term partial or full occlusion states
with varying frequencies.

A precise segmentation map, predicted on a pixel basis, improves the correctness
of the predicted location and, especially, the size of the target on the scene, even

under severe scale and aspect ratio variations.
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(iv) The forward and backward consistency of the segmented pixels is checked using
forward and backward predicted flow vectors, and this process improves the de-
tection process of the occlusion state of the pixels as well as the classification of
them as already-occluded, will-be-occluded, and non-occluded. Then, the degree
of occlusion is calculated precisely considering the occlusion state of these pixels.

(v) Dense ROI search algorithm of the “Full Occlusion ROI Dense Search Mod-
ule”contributes to the successful re-detection of the target with very high kine-
matics after short-term or long-term full occlusion with varying frequencies.

(vi) Classification scores in confusion matrices for cars, estimated by the “Classifier
Model”, are very high, but are low for the trucks. The reason for the degradation
in classification scores is evaluated as the insufficient number of images for the

trucks in the S-UAV dataset [10], [11], used to train the “Classifier Model”.

The final version of the PFCNNOcc, explained in Section 5.3.1.2, is designed
based on the first version of the PFCNNOcc to fill the gap that is comprised of visual
problems in the UAV123 dataset [2] that are not observed in the synthetic S-UAV

dataset [10], [11]. These visual problems are elaborated as;

o Sudden and large-scale variations,

o Very small vehicles with low resolution as well as very large vehicles whose bound-
ing size is even bigger than the size of ROI (250x250), used to sample the region
at the beginning of the iteration,

« Small motion vectors between the sequential images because of the relative motion
of the vehicles, depending on the camera motion,

o Merging or the occlusion of the target by the other vehicles during tracking.

To overcome these problems in the final version of the PFCNNOcc, first of all, the
“Segmentation Model”and the “Classifier Model”are trained with the ground truth,
generated from the UAV123 dataset. Then, the novel functions stated below are evolved

or newly designed for the final version of the PFCNNOcc.
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o Re-Identification Module Final PFCNNOcc.

e Occlusion Detector and Calculator Module Final PFCNNOcc.
« Full Occlusion Dense Search Module Final PFCNNOcc.

o Merged-Target Condition Detection.

The novel “Re-Identification Module Final PFCNNOcc”evolves the “Re-Identifica-
tion Module”in terms of pre-filtering the contours as a target candidate, and a revised
matching algorithm, based on the physical attributes of the target. “Occlusion De-
tector and Calculator Module Final PFCNNOcc”is enhanced with the addition of the
logic that decides the reason for the pixel reduction of the target during tracking as: 1.
Occlusion, 2.Scale variation. The “Full Occlusion Dense Search Module Final PFCN-
NOcc”is also revised indirectly by the evolution of the “Re-Identification Module Final
PFCNNOcc”and the “Full Occlusion Dense Search Module Final PFCNNOcc”, and its
dense ROI search algorithm is designed to cover a larger area. “Merged Target Detec-
tion”function checks if the target is merged or occluded with another vehicle that can
be detected by “Segmentation Model”, and it is implemented as a novel approach only
in the final version of the PFCNNOcc. After the occlusion or merged-target condition
ends, the discrimination capability of the function, separating the target from other

vehicles on the run, helps the PFCNNOcc to continue tracking precisely.

The final version of the PFCNNOcc is tested with 21 videos from the UAV123 10
fps dataset [2], and the simulation results are presented and examined in Section 6.3.2.
As seen from the simulation results, the final version of the PFCNNOcc outperforms
all SOTA trackers via the contribution of these novel modules or functions in terms
of precision and success scores against all visual problems, especially short and long-
term partial and full occlusion, coupled with a variety of others. Even the Siamese

Network-based CNN methods are not able to achieve such high tracking scores.

An ablation study is carried out by testing and comparing the performance of the
PFCNNOcc and its ablation versions, namely PFCNNOccWOM, PFCNNOccWOOc-
cCalc, and UDSCNNOcc. Depending on the performance results, elaborated in Sec-
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tion 6.3.3, “Occlusion Calculator” and “Merged Target Detection” functions evolve
the tracking performance of the PFCNNOcc step by step. PFCNNOccWOOccCale
shows the lowest tracking performance because of the lack of the “Occlusion Calcula-
tor” function, which is responsible for calculating the degree of overall occlusion during
tracking. Without updating the degree of overall occlusion, the PFCNNOccWOOcc-
Calc is unaware of the occlusion transitions. When the target is under full occlusion,
the PFCNNOccWOOccCalc is not able to switch to the “Full Occlusion Dense Search
Module Final PFCNNOcc” function to search for the occluded target. The integration
of the “Occlusion Calculator” function boosts the precision and success scores of the

PFCNNOcc significantly.

The importance of the “Merged Target Detection” function is easily discerned
from the performance differences between the PFCNNOcc and the PEFCNNOccWOM.
The PFCNNOcc gains a very vital performance evolution that drives it to the top of
the SOTA with the invention of the “Merged Target Detection” function.

While the PFCNNOcc outperforms the UDSCNNOcc and the SOTA trackers
by the integration of the “Particle Filter” module to fine-tune the rough estimate of
the target state variables in terms of the overall precision score, the uniform dense
search function of the UDSCNNOcc provides a slightly higher success score compared
to that of the PFCNNOcc. These results prove that while the PFCNNOcc provides
more precise location estimates of the bounding boxes for the target, the UDSCNNOcc
has better estimates for the size of the target, depending on the success results. It is
thought that the performance difference between the UDSCNNOcc and the PFCNNOcc
in terms of the success scores occurs because of the insufficient number of particles,
tailored by the PFCNNOcc to sample the region around the rough estimate location
of the target. The performance of the PFCNNOcc may increase if the number of
particles is increased. Modeling the process equation with a non-linear model instead

of a random walk model can boost the performance of the PFCNNOcc advantageously.
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5.6. Conclusion

The PFCNNOcc is designed to achieve a robust target tracking in low-altitude
flying UAVs against all visual problems, especially against short or long-term partial
and full occlusion coupled with aspect ratio change, background clutter, camera mo-
tion, fast motion, illumination variation, low resolution, out-view, similar object, scale
variation, viewpoint change. The PFCNNOcc combines CNN models, trained with the
novel synthetic S-UAV dataset [10], [11], and the UAV123 dataset [2] to predict the
optical flow and occlusion maps, segmentation masks and classification scores, and the

novel functions, named as;

Re-Identification Module Final PFCNNOcc,
Occlusion Detector and Calculator Module Final PFCNNOcc,
Full Occlusion Dense Search Module Final PFCNNOcc,

Merged Target Detection,

and these are the contributions of the PFCNNOcc to the literature. As far as is known
that the PFCNNOcc is the first method in literature, predicting and utilizing the
optical flow and segmentation to estimate the state variables of the target as well as
the occlusion state and the degree of it during tracking at UAV videos. The crucial

functions that pave the way to success are summarized in the following items.

(i) While predicted flow vectors provide the correct displacement of the targets, they
contribute to the highly precise estimation of the location of the target with very
high kinematics under short-term or long-term partial or full occlusion states with
varying frequencies.

(ii) A precise segmentation map, predicted on a pixel basis, improves the correctness
of the predicted location and, especially, the size of the target on the scene, even
under severe scale and aspect ratio variations.

(iii) The forward and backward consistency check using forward and backward pre-

dicted flow vectors improves the precise detection of the occlusion and the clas-
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sification of pixels as already-occluded, will-be-occluded, and non-occluded.

(iv) Dense ROI search algorithm contributes to the successful re-detection of the tar-
get with very high kinematics after short-term or long-term full occlusions with
varying frequencies.

(v) Classification scores in confusion matrices for cars are very high, but are low for
the trucks. The reason for the degradation in classification scores is evaluated as
the insufficient number of images for the trucks in the S-UAV dataset [10], [11],
used to train the “Classifier Model”.

PFCNNOcc outperforms all SOTA trackers in terms of precision and success
scores against all visual problems, faced in 21 scenarios, summarized in Table 5.1,
and even the Siamese Network-based CNN methods are not able to achieve such high
tracking scores. The results of the ablation study also prove that “Occlusion Calcula-
tor” and “Merged Target Detection” functions evolve the tracking performance of the

PFCNNOcc step by step to the top of the SOTA trackers.

For future work, the PFCNNOcc will be evolved to track multiple targets simul-
taneously at the UAV videos, and it is considered that having the target location, size,
and motion vector information of all targets at the same time would ease the occlusion
problem via solving the relative motion problem. Another future study may be to
increase the number of samples and their variety in the S-UAV dataset to adapt it to
the real-time UAV scenarios in terms of the resolution in size and the visibility of the

target and the magnitude of the optical vectors of the vehicles.
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6. SIMULATION RESULTS AND DISCUSSIONS

6.1. Simulation Results of PFCNN

The PFCNN is tested with the image sequences, labelled “YES”in Table 3.1,
from the UAV123 30fps dataset [2], and the experimental setup, utilized during tests,
is elaborated in Section 3.1.4. As demonstrated in the following Sections, namely,
6.1.1, 6.1.2, and 6.1.3, the PFCNN'’s precision and success results are plotted based
on three distinct approaches: overall comparison, attribute-based comparison, and

scenario-based comparison.

The tracking results on boat and car videos or situations in the UAV 123 dataset
are used for attribute-based and scenario-based comparisons. Based on the precision
and success metrics, attribute-based results present the analysis of how well a method
tracks a target under visual problems, such as scale change, aspect ratio variation, low
resolution, fast motion, out-of-view, viewpoint change, illumination variation, camera

motion, and similar objects.

The robustness and weaknesses of a tracking approach can be assessed for a par-
ticular visual problem, and the flaws can be improved while focusing on these particular
problems. The purpose of scenario-based comparison is to demonstrate the resilience
of a tracking method to one or more visual problems in a scenario simultaneously, be-
cause a video may include a complicated setting of multiple visual issues rather than
just one. Even though the solo performance of SOTA methods against each visual
challenge is highly distinguishable, the combination of multiple visual challenges can

occasionally drag the performance of these methods.
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Figure 6.1. Overall precision and success plots of the SOTA trackers and the PFCNN.

6.1.1. Overall Comparison

Figure 6.1 displays the overall precision and success performances of the PFCNN
[6] in comparison to the SOTA techniques. After DaSiamRPN [38], the PFCNN has
the second-best overall precision and success scores [38]. It outperforms the best SOTA
trackers like DSST [20], SRDCF [21], MEEM [24], and STRUCK [22,23] in [4,12,13].
In particular, the overall success score of the PFCNN is nearly identical to that of the

ECO [28)].

The top-performing overall precision and success outcomes for the situations in
Table 3.1 are a result of the innovative scale estimation system, the reference model
calculator mechanism, the robust sampling approach, and the precise visual features
of the PFCNN. The PFCNN produces extremely promising results for the uncommon
partial occlusion and out-of-view sequences like car3, car8_1, and carl0, even though
not built for scenarios that include occlusion and out-of-view visual difficulties. Fur-
thermore, the PFCNN demonstrated remarkable resilience to changes in scale, aspect

ratio, fast motion, camera motion, viewpoint, and similar objects on the scene.
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6.1.2. Attribute-Based Comparison

Figure 6.2 displays the attribute-based precision comparison between the PFCNN
and the SOTA trackers. Table 3.1 displays the plots for each attribute, which are

computed based on the scenario-attribute relation.

The PFCNN surpasses the other top-performing SOTA trackers in [4], [12,13] and
has the second-best precision score after DaSiamRPN [38] for scenarios that include
scale change and aspect ratio variation. Owing to the particle rescaling and unification
modules, which estimate the scale along both axes, the PFCNN is very successful. With
the best-performing SOTA trackers, the PFCNN attains nearly full precision scores for

low-resolution scenarios.

For fast motion sequences, the PFCNN surpasses the other top-performing SOTA
trackers in [4], [12,13] by a significant margin and attains the second-best precision
score behind DaSiamRPN [38]. The particle filter in PFCNN uses a random walk
model with a large uncertainty sampling region to improve the estimation scores under
nonlinear motion. Thus, PFCNN outperforms all the top-performing SOTA trackers,
including ECO [28], [20] in [4], [12,13], and is the second-best performing precision
score for out-of-view, camera motion, viewpoint-change, and similar object attributes,
after DaSiamRPN [38]. It should be mentioned that a very strong reference feature
modeling and a CNN with proper training are essential for tracking against attributes
like fast motion, viewpoint changes, and camera motion. A well-trained CNN and
extremely strong reference feature modeling are essential for high-accuracy tracking
against these four visual problems. The innovative unification module is in charge of
updating the reference model for the parts of the vehicle at each iteration depending
on how much each part represents its own class. Overall, the PFCNN outperforms the
SOTA trackers in terms of precision scores, achieving the top two results against 80 %

of the visual challenges.
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Figure 6.2. Attribute-based precision plots of the SOTA trackers and the PFCNN.

Figure 6.3 displays the attribute-based success comparison between the PFCNN

and the SOTA trackers. Table 3.1 displays the plots for each attribute, which are

computed based on the scenario-attribute relation. Following DaSiamRPN [38], the

PFCNN attains the top two best success scores for the scenarios or videos, including

scale change and aspect ratio variation as justified in the above paragraphs.

The PFCNN surpasses the other top-performing SOTA trackers in [4], [12,13] by a

significant margin, even though it achieves a very close success score to ECO [28] under

scale change. The PFCNN, which estimates the scale along both axes for adaptation to

extreme scale shift, aspect ratio fluctuation, rotation, and fast motion, is supplied by

the particle rescaling and unification modules. For fast motion sequences, the PFCNN

outperforms the other top-performing SOTA trackers in [4], [12,13] by a significant

margin and earns the second-best success score behind DaSiamRPN [38]. This is due

to the particle filtering with parts-based tracking mentality that is capable of tracking
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a target under highly non-linear motions of the target. PFCNN demonstrates its
resilience against the most advanced trackers in [4], [12,13]. It achieves the top-3 best
score when it comes to illumination variation problems, but it produces the top-4 best
success scores when it comes to scenarios with similar objects and out-of-view problems.
For 60% of the visual difficulties, the PFCNN achieves the top-2 best success scores,

and for 70% of them, it performs the top-3 best scores.
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Figure 6.3. Attribute-based success plots of the SOTA trackers and the PFCNN.

All in all, thanks to its scale estimation scheme at the particle rescaling and uni-
fication modules, the reference model calculator mechanism of the unification module,
the robust sampling strategy of the particle filter, and the precise visual features pro-
vided by the CNN model, the PFCNN outperforms the best-performing trackers in
the literature by achieving the top-2 best precision and success scores at 70 % of the

attributes and the top-3 best scores at 75 % of them.
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6.1.3. Scenario-Based Comparison

After downloading the tracking results of the SOTA trackers from the working
group websites [4], [12], the results of the PFCNN are compared. For the 17 instances
that are marked with "YES’ in Table 3.1, the accuracy and success rates of every

approach are displayed in Figures 6.4-6.7.

According to the precision findings in Figures 6.4 and 6.5, the PFCNN provides
better results for the boatl, boat3, car6-1, and car6-4 than the finest SOTA track-
ers, including DaSiamRPN [38], ECO [28], and SRDCF [21]. These situations include
changes in scale, aspect ratio, perspective, camera movements, and other related is-
sues. A significant variance in the target visual model is also observed in these videos,
demonstrating the PFCNN’s resilience to these visual issues. PFCNN gets a precision
score between the top 5 performing trackers with high precision scores for boat2, boat5,

carl-1, car6-3, car3, card, car8-2, carl0, and carl6-2.

Particularly, the visual sequences for car 6-3, car 8-2, and car 16-2 exhibit extreme
size shifts, aspect ratio variations, and rotations exceeding 90 degrees, in addition to
camera movements and shifts in viewpoint. Very high non-linear motion changes and
abrupt, big moves are also features of carl6-2. Together with the proposed particle
rescaling (Section 3.1.3.2) and unification modules (Section 3.1.3.5), the particle filter
scheme elevates the performance of the PFCNN to the top of the list of the best trackers
in the literature [4], [12,13].

Only a few trackers are able to obtain high precision scores for the car8-1 and
carl8 picture sequences, which are among the most difficult movies. With the exception
of extreme occlusion, car8-1 exhibits all visual issues, including low resolution and fast
motion. The PFCNN surpasses the other top SOTA trackers by a significant margin
and receives the second-highest score behind DaSiamRPN [38]. Ounly a few number of
trackers can even maintain high-precision target tracking in carl8 due to extreme scale

change, aspect ratio variation, camera motion, view-point change, and fast motion.
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PFCNN beats other CNN-based trackers like ECO [28], SRDCF [21], and others,
and is the second-best tracker after DaSiamRPN [38] with nearly the same score.
The PFCNN achieves substantially higher precision scores than the top-performing
trackers in [12], including DSST [20], SRDCF [21], and MEEM [24]. Due to the lack
of comparable target samples in the training set, the PFCNN receives mediocre results

for the boat4 and boat6 sequences.
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Figure 6.4. Scenario-based precision plots of the SOTA trackers and the PFCNN.

Therefore, when compared to the best SOTA trackers in [4], [12,13], the PFCNN
earns the highest or top-5 performing precision scores for 90 % of very tough image
sequences. The PFCNN outperforms the best SOTA trackers, including DaSiamRPN
[38], ECO [28], SRDCF [21], and DSST [20], and generates the best success scores for

boat-2 and car6-1, according to the success results in Figures 6.6 and 6.7.
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Figure 6.5. Scenario-based precision plots of the SOTA trackers and the PFCNN
(cont.).

A significant scale shift is seen in these sequences, and the unification module
estimates the scale parameter, sP, quite effectively because it uses its own scale esti-
mator to assess the rescaled samples of the united vehicle. .The PFCNN outperforms
the other top-performing state-of-the-art trackers in [4], [12,13] and earns the top-2
best success scores after DaSiamRPN [38] for boat1, boat3, boat5, carb, car6-3, car6-4,
carl16-2, and carl8. The present visual model is severely altered by extremely difficult
visual problems, such as scale change, aspect ratio variation, rotation combined with
fast motion, camera motion, and viewpoint changes, particularly during the boat3,
boath, car6-4, car16-2, and car-18 sequences. The PFCNN has a very high success rate
and can track the cars reliably. Except the DaSiamRPN [38], it performs better than
all SOTA trackers. Due to the lack of comparable target samples in the training set,

the PFCNN attains poor success score results for the boat6 sequence.
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Figure 6.6. Scenario-based success plots of the SOTA trackers and the PFCNN.
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Additionally, when visual issues such as scale change, aspect ratio variation, ex-

tremely moderate partial occlusion, out-of-view, camera motion, view-point shift, and

similar items are present, the PFCNN performs well in the top three for car8-1. The

PFCNN displays moderate success scores for boat6, carl-1, car3, car8-2, and carl0,

with effective tracking from start to finish of the video. The majority of the trackers

attain good success scores, and these videos don’t contain any particularly difficult

visual issues.

According to these findings, when compared to the top SOTA trackers in [4],

[12,13], the PFCNN gets the highest or at least top-4 performance success ratings for

80 % of the very tough cases.



10

08

06

04

Success Rate

02

oo

08

o6

Success Rate

04

0z

oo

Figure 6.7. Scenario-based success plots of the SOTA trackers and the PFCNN
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In fact, an object can be tracked while being divided into N > 2 parts using the

proposed method. However, the selection of N = 2 was made for two key reasons: The

first is the ease with which the tracking result can be presented following the unification

of the two parts. Second is the resolution of the objects in the UAV 123 dataset. The

dataset has low resolution and small object or vehicle sizes. Thus, the attributes of the

object become useless for tracking and training if it is divided into more than two parts.

The resolution of the objects permits tracking with only two parts, even though the

proposed method is convenient to train and test with multi-part processing. In [97],

the video tracking results for each scenario using the PFCNN at a speed of 30 frames

per second are shared. The estimates are shown by the blue bounding boxes, while the

ground truth is shown by the green ones. Videos are annotated with the abbreviations

“GT” and “Est” for ground truth and estimated, respectively, to highlight the salient

characteristics of these annotations. To determine which frame is being processed at
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any given moment, videos also carry the number of frames.

Another important feature is the visual problem or problems that are observed
in videos. The annotations for scale change (SC), aspect ratio variation (ARV), low
resolution (LR), fast motion (FM), partial occlusion (PO), out-of-view (OOV), illu-
mination variation (IV), viewpoint change (VC), camera motion (CM), similar object
(SO) are added into video with their abbreviations in red color to increase the situa-

tional awareness of the viewer.

6.2. Simulation Results of Auxiliary Particle Filter with CINN

To show the tracking performance of APF and the degree of analogy between
APF and PFCNN, both methods are compared based on their corresponding precision
and success scores, and these scores were constructed from three different points of
view: 1. Overall, 2. Attribute-Based, and 3. Scenario-Based, and the details are given

in the following subsections.

6.2.1. Overall Comparison
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Figure 6.8. Overall precision and success Plots: PFCNN versus APF.

Overall precision and success scores for both methods, derived via the combina-

tion of the precision and success scores of sixteen videos, were shown in Figure 6.8.
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Based on the results, PFCNN [6] outperforms APF in terms of both precision and
success scores. These results can be evaluated as the average performance of methods
against all visual problems faced during all videos. Hence, it can be concluded that
while PFCNN and APF mimic the sampling scheme of the particle filter that uses the
optimal importance density, PFCNN outperforms APF, when used for target tracking
under challenging scenarios, and when target and camera motion are non-linear with

high dynamics.

6.2.2. Attribute-Based Comparison

During the analysis, performance differences for a total of nine visual challenges
were identified. These visual challenges can be listed as follows: aspect ratio variation,
camera motion, fast motion, illumination variation, low resolution, out-of-view objects,

scale change, similar objects, and viewpoint change.
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Figure 6.9. Attribute-Based Precision Plots PFCNN versus APF.
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Figure 6.10. Attribute-based success plots PFCNN versus APF.

The precision scores, obtained, are presented in Figure 6.9, and the success scores
are shown in Figure 6.10. When both precision and success scores are considered, it
is easy to see that PFCNN method gives more robust or successful results compared
to APF for all visual problems. In particular, significant performance differences were
observed against issues such as fast motion, camera movement, and out-of-view prob-
lems, and it is determined that the PFCNN method is able to achieve target tracking

with much higher performance than APF.

The primary reason for the significant performance difference is believed to be
that PFCNN is more robust than APF in response to nonlinear, dynamic target or
camera movements. This performance discrepancy is thought to stem from the parent
particle sampling logic, named as “Presampling”, which is explained in detail in Section
3.2.2.1, as well as the likelihood support for belonging to the reference class used in

the PFCNN method.
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Specifically, as indicated in Equation3.35, after the auxiliary or parent particles
are sampled with low-variance noise, their weights are updated based on the obtained
observation. Then, resampling is performed according to these updated weights, and
the target prediction is made in the second stage. During this process, the updated
auxiliary particle weights cause the main particles to be sampled in a region of low
uncertainty around the observation. This results in successful target tracking in en-
vironments where the target movement is linear, the target motion is low, and the
observation model does not change significantly. On the other hand, in situations with
high target or camera movement, the main particles increase their distance from the

reference observation, significantly reducing the tracking performance.

In summary, based on the performance results and conclusions drawn from this
section, and considering Equations 3.18, 3.38, 3.39, the PFCNN method [6] demon-
strates superior tracking performance in all visual problems compared to APF, es-
pecially in videos with high dynamic motion. This superiority is due to the class
probabilities it includes into the weight update calculation while mimicking the best

importance sampling steps.

6.2.3. Scenario-Based Comparison

This section presents evaluations of the precision and success scores obtained
for each scenario, as shown in Figures 6.11, 6.12, 6.13, and 6.14. When examining
the graphics, it can be observed that both methods delivered very close, even iden-
tical results in scenarios where linear motion was high and visual model change was
low. However, in scenarios with nonlinear, high dynamic motion and significant visual
model change (boat6, car8-1, carl6-2, carl8), PFCNN [6] demonstrated a significantly
higher performance compared to the APF. The reason for the performance difference

is explained in detail in Section 6.2.2.
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20 30
Location Error Threshold (pixels)

20 30
Location Error Threshold (pixels)

40

176



Success Plots of OPE for boat1

Success Plots of OPE for boat2

Success Plots of OPE for boat3

10 10 10
0s 0s 0s
2os 2os 206
3 3 ]
g g ¢
Soa Soa Sos
02 02 02
— Axpr a1 — wixpr 07961 — wxproms
00| = e 0515) 00| = rrcin 05200 00 { = rrc 05
) o2 o ) To ) ) ) ¥ To ) o o4 o6 To
Overlap Threshold (1oU) Overlap Threshold (IoU) Overlap Threshold (1oU)
Success Plots of OPE for boat4 Success Plots of OPE for boat5 Success Plots of OPE for boat6
o
10 - ———— 10 o [p——
‘\ o7 \
0s 0s 06 \
0s
2os 2 o6 3 \
3 3 3
= = % oa
854 Soa Zos \
0 \
02 02 \
01 \
— e f0388) \ — e o) A (00091 L
0.0 | === PFCNN_(0.659) 0.0 | m== PFCNN_(0.635) 0.0 { m== PFCNN_(0.286) e
) o o o6 oo To oo o o4 o6 ) To ) o ) o6 o
Overlap Threshold (IoU) Overlap Threshold (IoU) Overlap Threshold (IoU)
Success Plots of OPE for carl_1 Success Plots of OPE for car5
10] = —————— 10
08 0s
206 2os
5 3
& 4
Soa Soa
02 02
— e — wxpr o756
00 = o T0763) 00| rrcm f07680
) o2 o ) o oo 02 o ) To
Overlap Threshold (foU) Overlap Threshold 1ou)
Success Plots of OPE for car6_1 Success Plots of OPE for car6_3 Success Plots of OPE for car6_4
10 == —— S
os 08 0s
206 o6 2os
3 k! 3
Sos $os Soa
02 02 02
L) — A pE (0590) — X pr (0605) \
00| = i 00450 00| = rechN To 700 00| = o T0 770
) ) o ) o ) o2 o o5 o oo ) ) a6 To
Overlap Threshold (loU) Overlap Threshold (lou) Overlap Threshold (lou)
Success Plots of OPE for car8_1 Success Plots of OPE for car8_2 Success Plots of OPE for carl0
| oo s 10 10
0s \ 0s 08
2 06 \ £ 06 2 06
] 3 ]
Sos Sos Zos
02 02 02
— a0 — Axrrose) — Arr 070
00 = o T0620 00| = e fo507) 00 == reci (0769
0.0 02 08 10 0.0 02 0.8 10 0.0 0.2 08 10

4 06
Overlap Threshold (1oU)

Success Plots of OPE for carl6_2

04 06
Overlap Threshold (1oU)

o. 06
Overlap Threshold (1oU)

Success Plots of OPE for car18

wl =
S ~
o8
2 o6
H
H
Sos
02
— o onn
00 = ran fosae)

10 ————
~
08
o
206
S
i
%04
02
— AU P 0130
00 == rrcim_(0.567)

\
\

00 o2

Figure 6.14. Scenario-based success plots PFCNN versus APF (cont.).

04 o6
Overlap Threshold (1oU)

o8 0o 02

o4 06
Overlap Threshold (ioU)

o8 10

177



178

6.3. Simulation Results of PFCNNOcc

6.3.1. Simulation Results of the First Version of the Tracking Model

Simulation results of the first version of the novel tracking model, proposed in
this thesis, shown in Figure 5.4, are evaluated based on the precision, success, and clas-
sification scores as well as flow, occlusion, and segmentation losses. Moreover, degree-
OfOccRel, degreeOfOccAll, and their average during tracking are calculated and plot-
ted. As elaborated in Section 5.4.2, seven different scenarios from S-UAV dataset [10],
ca60.g, ca20g acllg aa20g aaldlg aallg aa0.0_g are selected
to test the tracking method. These scenarios are the most challenging videos, includ-
ing short and long-term partial and full occlusion with a varying frequency, and they
simulate urban and rural areas with different kinds of objects, buildings, trees, bridges,
and traffic lights, to provide the occlusion condition. For each scenario, a snapshot
of an image, annotated with the results derived at each frame during the tracking, is
presented with the simulation results. The details of the information, annotated on

the image, are presented in the following items.

o The information, shown on the top left side of the image before the tracking
starts: The number of iterations (iter), waiting for image ID (the image ID that
the tracking starts), waiting for category ID (the category ID of the target that
will be tracked), waiting for track ID (the track ID of the target that will be
tracked), the number of the targets, seen on the image at that moment (# of
targets on the scene).

o The information, shown on the top left side of the image: The number of iterations
(iter), degreeOfOccRel (degOfOccRel), degreeOfOccAll (degOfOccAll), reference
class ID (refClassID), forward flow along the x and y axes, flow_f x and flow_f_y.

e The information, shown on the top right side of the image: Success rate or score
(SuccR), precision rate or score (PrecR), flow loss (Flow Loss), occlusion loss (Occ
Loss), segmentation loss (Seg Loss), and the number of visible contours inside the

ROI search are that satisfy the contourFlowCheck conditions, # of visCnts.
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« Images, displayed on the bottom side of the image (From left to right):
predicted_flow_f (flow_f), ground truth for flow_f (GT_flow_f), predicted_occ_f
(occ-f), ground truth for occ_f (GT occ-f), im;_ipredicted-mask (seg-1), ground
truth for im,_ymask (GT_seg-1), im;_jocclusion-map (iml_occ_map).

« Rectangles/squares and annotations around the target: Green rectangle/square
(ground truth for the bounding box), blue rectangle (estimated /predicted bound-

ing box), estimated class ID name (blue), and class score (blue).

The scenario-based simulation results are shown and explained in the following
paragraphs. The calculation of the results starts at the initial frame or image of the
video when the tracked target shows up, and the calculation is stopped when the target
is out of frame or the video is finished. Hence, the first iteration, shown in the plots for
the results, is the initial frame in which the target appears, and the tracking starts. And

the videos, showing the simulation results during tracking, are presented in the [98].

6.3.1.1. Scenario-Based Simulation Results of a_.a_0_.0_g. A snapshot, taken from the

video output during tracking, is displayed in Figure 6.15, and the simulation results
are shown in Figure 6.16. The car enters the frame at the 75th iteration, and the
scenario stops at the 595th iteration. In this scenario, the car moves on the road in
a city, populated with trees, traffic lights and buildings. These structures occlude the
car partially and fully for a short period with high frequency. As plotted in Figure
6.16, the precision score is 1, which means that the distance between centers of the
predicted /estimated bounding box and the ground truth bounding box is smaller than
20 pixels for all frames except the ones with full occlusion. This means a perfect score
in terms of precision. The success score is 0.739. Hence, the method achieves very
robust tracking performance under partial and full occlusion. The plot for the degree of
occlusion shows the high performance of PFCNNOcc for detecting the 6 partial and full
occlusions and the degree of it during tracking. The iterations that the degreeOfOccAll
equals 100% represent the images in which the tracked car is being fully occluded. It
can be easily observed from the correlation between the occlusion detection plot and

the snapshot image, shown in Figure 6.17 and the video tracking results, shared in [98],
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that at the iterations when the car is facing partial or full occlusion, it passes under
trees with an almost constant time with high frequency. The frequency represents the
number of times that the vehicle passes under trees, and the constant time stands for

the duration of time between two trees that the vehicle navigates.

SuccR=0:765- =

Figure 6.15. A snapshot from scenario a_a_0_0_g during tracking.

Even though the car rotates and the aspect ratio of the bounding box changes,
PFCNNOcc continues to track with robust performance. When the plots for segmenta-
tion loss (seg loss), flow loss, and occlusion loss (occ loss) in Figure 6.16 are examined,
the average values of losses are very small. Hence, it can be concluded that predic-
tions of “Flow and Occlusion Model”and “Segmentation Model”are very similar to the
ground truth data. The confusion matrix in Figure 6.16 shows that the classification
score of the “Classifier Model”which estimates the ID of the vehicle as “car”is 99%.
While the car moves only along the positive x-axis of the image coordinates, the z and
y components of the vector of predicted_flow_f are annotated on the output image,
shown in Figure 6.15. It can easily be verified that flow_f x is calculated as 1.9 pixels,
and the color, representing the motion vector of the pixels in both flow_f and GT_flow_f,
is blue. This means that the novel method calculates the flow vector of the car correctly
with a robust performance during tracking. All numeric results, presented in Figure

6.16, can also be verified with the video results, shared in [98].
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6.3.1.2. Scenario-Based Simulation Results of a.a_1.0_g. A snapshot, taken from the

video output during tracking, is displayed in Figure 6.18, and the simulation results are
shown in Figure 6.19. The car enters the frame at the 66th iteration, and the scenario
stops at the 290th iteration. In this scenario, the car moves on the road in a city,
populated with trees and buildings. These structures occlude vehicles partially and
fully for a short period with high frequency. As plotted in Figure 6.19, the precision
score is 0.982. This means almost a perfect score in terms of precision. The success
score is 0.849, which shows the robustness of the novel method to estimate the precise
location and the size of the bounding box at every iteration. Hence, the method
achieves very robust tracking performance under partial and full occlusion. The plot
for the degree of occlusion shows the high performance of PFCNNOcc for detecting the
occlusion and the degree of it during tracking. The iterations that the degreeOfOccAll
equals 100% represent the images in which the tracked car is being fully occluded.

Partially Occludec
Random Walkll
: SuccR=0.90 =
“rettla : " »f Preclif,].:pﬂr’-’-"
flow_f_x==4.6 e = Mo [ aoc—0 77
flow_f_y=1.2 \% s = _OcS0ss=0.00
= 3 % Seg Loss=0.32

of vlscgﬂ

GT_occ_f

Figure 6.18. A snapshot from scenario a_a_1_0_g during tracking.

It can be easily observed from the plot and the video tracking results, shared
in [98], that at the iterations when the car is facing partial or full occlusion, it passes
under trees with a varying frequency. It means that the duration of time, the car
travels between two consecutive trees, fluctuates randomly. Under these circumstances,
PFCNNOcc continues to track with robust performance. When plots for segmentation

loss (seg loss), flow loss, and occlusion loss (occ loss) in Figure 6.19 are examined, the
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average values of losses are minimal. They slightly increase during the transition phase
to the full occlusion state. Hence, it is concluded that predictions of the “Flow and
Occlusion Model” and “Segmentation Model” are similar to the ground truth data.
The confusion matrix in Figure 6.19 shows that the classification score of “Classifier
Model” which estimates the ID of the vehicle as the car is 92%. While the car moves
along the negative x-axis and the positive y-axis of the image coordinates, the x and
y components of the vector of predicted_flow_f are annotated on the output image,
shown in Figure 6.18. It can easily be verified that flow_f x and flow_f_y are calculated
as -4.6 and 1.2 pixels, and the color, representing the motion vector of the pixels in both
flow_f and GT flow_f, is yellowish green (GT leri degistirmeyi unutma). This means
that the novel method calculates the flow vector of the car correctly with a robust
performance during tracking. All numeric results, presented in Figure 6.19, can also

be verified with the video results, shared in [98].

6.3.1.3. Scenario-Based Simulation Results of a.a 2 0_g. A snapshot, taken from the

video output during tracking, is displayed in Figure 6.20, and the simulation results

are shown in Figure 6.21.

degOfOccAll=%32.1 —_ __SuccR=0.93 _
refClassID=Truek il 58 —PrecR=1.12 —
i ” wflow ~ — 4~

R |
GT_flow_f S8 occf| |

Figure 6.20. A snapshot from scenario a_a_2_0_g during tracking.
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The truck enters the frame at the 5th iteration, and the scenario stops at the
340th iteration. In this scenario, the truck is driven on the road inside a city, popu-
lated with rare trees, buildings, and traffic lights. These structures, especially trees,
occlude the truck partially for a short period with low frequency. It means that the
vehicle is occluded by a few number of time by tree with a short duration of time. As
plotted in Figure 6.21, the precision score is 1. This means a perfect score in terms
of precision. The success score is 0.870 which shows the robustness of the proposed
method to estimate the precise location and the size of the bounding box at every iter-
ation. Hence, the proposed method achieves very robust tracking performance under
partial occlusion. The plot for the degree of occlusion shows the high performance of
PFCNNOcc for detecting the occlusion as well as its degree during tracking. The it-
erations that degreeOfOccAll is between 30% and 100% represent the images in which
the tracked car is being partially occluded. It can be easily observed from the plot and
the video tracking results, shared in the [98], that at the iterations when the truck is
facing partial occlusion, it passes under trees with a constant low frequency. Under
these circumstances, PFCNNOcc keeps tracking with robust performance. When plots
for segmentation loss (seg loss), flow loss, and occlusion loss (occ loss) in Figure 6.21
are examined, the average values of all type of losses are minimal. Hence, it can be con-
cluded that predictions of “Flow and Occlusion Model”and “Segmentation Model”are
very similar to the ground truth data. The confusion matrix in Figure 6.21 shows that
the classification score of the “Classifier Model”to estimate the ID of the vehicle as a
truck is 0.2%. While the truck drives along the negative x-axis and the positive y-axis
of the image coordinates, the = and y components of the vector of predicted_flow_f
are annotated on the output image, shown in Figure 6.20. Flow_f x and flow_f_y are
calculated as -0.6 and 3.1 pixels, and the color, representing the motion vector of the
pixels in both flow_f and GT flow_f, is light blue. This means that the novel method
calculates the flow vector of the truck correctly with a robust performance during track-
ing. All numerical results, presented in Figure 6.21, can also be verified with the video

results, shared in [98].
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6.3.1.4. Scenario-Based Simulation Results of a.a_14.0_g. A snapshot, taken from the

video output during tracking, is displayed in Figure 6.22, and the simulation results

are shown in Figure 6.23.
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Figure 6.22. A snapshot from scenario a_a_14_0_g during tracking.

The car enters the frame at the 8th iteration, and the scenario stops at the 150th
iteration just before the target goes out of the frame. In this scenario, the car drives on
the road inside a city, populated with rare trees, buildings, traffic lights, a road sign,
as well as a bridge. While trees and the road sign occlude vehicles partially for a short
period, the bridge fully occludes vehicles for a long period. As plotted in Figure 6.23,
the precision score is 0.937. This means almost a perfect score in terms of precision.
The success score is 0.746, which shows the robustness of the proposed method to
estimate the precise location and the size of the bounding box at every iteration.
Hence, the method achieves very robust tracking performance under partial and long-
term full occlusion. The plot for the degree of occlusion shows the high performance
of PFCNNOcc for detecting the occlusion and the degree of it during tracking. The
iterations that the degreeOfOccAll equals 100% represent the images in which the
tracked car is being fully occluded by the bridge with red color as seen from the plot and
video tracking results, shared in [98]. Under these circumstances, PFCNNOcc keeps
tracking with robust performance during the long-term full occlusion. When plots for

segmentation loss (seg loss), flow loss, and occlusion loss (occ loss) in Figure 6.23 are
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Figure 6.23. Simulation results of scenario a_a_14_0_g.
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examined, the average values of all loss types are very small. Hence, it can be concluded
that predictions of “Flow and Occlusion Model”and “Segmentation Model”are very
similar to the ground truth data. The confusion matrix in Figure 6.23 shows that the
classification score of “Classifier Model”to estimate the ID of the vehicle as the car is
0.99%. While the car moves along the positive x-axis of the image coordinates, the z
and y components of the vector of predicted_flow_f are annotated on the output image,
shown in Figure 6.22. Flow_f x and flow_f_y are calculated as 4.1 and 0.0 pixels, and
the color, representing the motion vector of the pixels in both flow_f and GT_flow_f,
is blue. This means that the proposed method calculates the flow vector of the car
correctly with a robust performance during tracking. All numerical results, presented

in Figure 6.23, can also be verified with the video results, shared in [98].

6.3.1.5. Scenario-Based Simulation Results of a.c.1.0_g. A snapshot, taken from the
video output during tracking, is displayed in Figure 6.24, and the simulation results

are shown in Figure 6.25.

iter=194 - < = Fully Occluded!!
degOfOccRel=%100:0% & T2 4 3 Target Lost !l
degOfOccAll=%100.0"+ ; ' $ Ny, s Random Walki!
refClassiD=Car- 5 S 3 =
flow_f_x=2.4- - - . TN - 3 /. _ no contours!
flow_f_y= a1 : S ,

- X

Figure 6.24. A snapshot from scenario a_c_1_0_g during tracking.

The car enters the frame at the 49th iteration, and the scenario stops at the
400th iteration. In this scenario, the car drives on the road inside an industrial facility,

populated with buildings, factories, and containers. These structures occlude the target
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Figure 6.25. Simulation results of scenario a_c_1_0_g.
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partially and fully for the long term. In the meantime, the car turns for several times
which creates drastic aspect ratio variations. As plotted in Figure 6.25, the precision
score is 1. This means a perfect score in terms of precision. The success score is 0.755,
which shows the robustness of the proposed method to estimate the precise location and
the size of the bounding box at every iteration. Hence, the method achieves very robust
tracking performance under several long-term partial and full occlusion conditions.
The plot for the degree of occlusion shows the high performance of PFCNNOcc for
detecting the occlusion and the degree of it during tracking. The iterations that the
degreeOfOccAll equals 100% represent the images in which the tracked car is being
fully occluded by facilities three times. These can be concluded from the plot and
video tracking results, shared in [98]. Under these circumstances, PFCNNOcc keeps
tracking with robust performance under several long-term full occlusions using the novel
“Re-Identification Module Full Occlusion”. When plots for segmentation loss (seg loss),
flow loss, and occlusion loss (occ loss) in Figure 6.25 are examined, the average values
of all loss types are very small. Hence, it can be concluded that predictions of the
“Flow and Occlusion Model”and “Segmentation Model”are very similar to the ground
truth data. The confusion matrix in Figure 6.25 shows that the classification score of
the “Classifier Model”to estimate the ID of the vehicle as the car is 0.98%. While the
car moves along the positive x-axis and negative y-axis of the image coordinates under
full occlusion, the x and y components of the vector of predicted_flow_f are annotated
on the output image, shown in Figure 6.22. In this situation, the motion vector is not
calculated because of the full occlusion, and the flow vector is predicted using the last
known value of the predicted flow vector from the previous iteration. All numerical
results, presented in Figure 6.23, can also be verified with the video results, shared

in [98].

6.3.1.6. Scenario-Based Simulation Results of c.a 2 0_g. A snapshot, taken from the

video output during tracking, is displayed in Figure 6.26, and the simulation results

are shown in Figure 6.27.
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Figure 6.26. A snapshot from scenario c_a_2_0_g during tracking.

The truck enters the frame at the 49th iteration, and the scenario stops at the
200th iteration. In this scenario, the truck moves on the road inside a forest, populated
with very dense trees and a number of road sign structures. These objects occlude the
vehicle partially for a short term with a low frequency. It means that the truck will
be occluded a few times with a short duration of time. The truck faces illumination
variation because of the shade of the trees. Also, the close proximity of the vehicles
increases the complexity of the tracking, thus in this case, the precision score is 0.993 as
observed in Figure 6.27. This means an almost perfect score in terms of precision. The
success score is 0.825, which shows the robustness of the proposed method to estimate
the precise location and the size of the bounding box at every iteration. Hence, the
method achieves robust tracking performance under several short-term partial occlusion
conditions and illumination variation. The plot for the degree of occlusion shows the
high performance of PFCNNOcc for detecting the occlusion and the degree of it during
tracking. The iterations that the degreeOfOccAll is between 30% and 65% represent the
images in which the tracked truck is being partially occluded by the trees two times, as
seen from the plot and video tracking results, shared in [98]. Under these circumstances,
PFCNNOcc keeps tracking with robust performance under several short-term partial
occlusions using the novel “Re-Identification Module Full Occlusion”while the other

vehicles drive within close proximity. When plots for segmentation loss (seg loss), flow



1.0

0.8 4

Success Rate

0.2 1

0.0 4

degree Of Occlusion
8 8

N
=]

10 4

0.5 1

0.4 4

o
w

seg loss

0.2 1

0.14

-

Success Plots of OPE forc_a_2 0_g

e
o

o
FS

—————-__\

Precision

Precision Plots of OPE forc_a 2 0 g

104

0.8

=4
o
L

=]
»
L

0.0 I

7’
/

I

I
I
J

/

mmm PFCNNForOCC= 0.825 - mmm PFCNNFOrOCC= 0.993
00 02 04 06 08 10 0 10 20 30 a0
overlap Threshold (lou) Location Error Threshold (pixels)
degree Of Occlusion forc_a_2 0 g flow loss forc_a_2 0_g
mmm avg of degreeOfOccRel= 4.026 mmm PFCNNForOCC= 0.148
mem avg of degreeOfOccAll= 10.969 0.6 &
0.5
1 0.4 l
2 034 |
0.2 l
I‘ ¢
4 0.1 \.'
_— \ ‘amul‘
T T T T T T T T 0.0 T T T T T
0 20 40 60 80 100 120 140 0 20 40 60 80 100 120 140
iteration iteration
seg lossforc_a_2 0 g occlossforc_a 2 0_g
== PFCNNFOrOCC= 0.181 === PFCNNFOrOCC= 0.056
! 0.30 4
' 0254 ¥
l 0.20 4
«
ﬁ n l I %, 0.15 4 I
I o " ” |
0.10 4
' . " | 13 1 il
0.05 '
v ﬂ 1 Aer il o
0.00 - l — ' - - - ' [ = '
60 100 120 140 0 20 a0 60 80 100 120 140
Keratlon iteration
Bus Car Lorry | Truck | Van | Class. Score
Bus 0 0 0 0 0
Car 0 0 0 0 0
Lorry 0 0 0 0 0
Truck 68 43 0 42 0 |42/153 =% 28
Van 0 0 0 0 0

Figure 6.27. Simulation results of scenario c_.a_2_0_g.
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loss, and occlusion loss (occ loss) in Figure 6.27 are examined, the average values of
all loss types are very small. Hence, it can be concluded that predictions of “Flow and
Occlusion Model”and “Segmentation Model”are very similar to the ground truth data.
The confusion matrix in Figure 6.27 shows that the classification score of “Classifier
Model’to estimate the ID of the vehicle as the car is 0.28%. While the truck drives
along the negative x-axis and the positive y-axis of the image coordinates, the x and
y components of the vector of predicted_flow_f are annotated on the output image,
shown in Figure 6.26. Flow_fx and flow_f_y are calculated as -2.4 and 1.8 pixels, and
the color, representing the motion vector of the pixels in both flow_f and GT_flow_f,
is light green. This means that the proposed method calculates the flow vector of
the truck correctly with a robust performance during tracking. All numerical results,

presented in Figure 6.27, can also be verified with the video results, shared in [98].

6.3.1.7. Scenario-Based Simulation Results of c.a 6.0 g 1. A snapshot, taken from the

video output during tracking, is displayed in Figure 6.28, and the simulation results are
shown in Figure 6.29. The car enters the frame at the 51st iteration, and the scenario
stops at the 250th iteration. In this scenario, the car drives on the road inside a rural
area, populated with trees and a road sign structure. The trees occlude the car fully for
a long-term with low frequency. In the meantime, the car faces illumination variation
because of the shade of the trees. As plotted in Figure 6.29, the precision score is 1.
This means a perfect score in terms of precision. The success score is 0.661, which
shows the robustness of the novel method to estimate the precise location and the
size of the bounding box at every iteration. Hence, the method achieves very robust
tracking performance under several long-term full occlusion conditions and illumination

variations.
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Figure 6.28. A snapshot from scenario c_a_6_0_g_1 during tracking

The plot for the degree of occlusion shows the high performance of PFCNNOcc
for detecting the occlusion and the degree of it during tracking. The iterations that the
degreeOfOccAll is 100% represent the images in which the tracked car is being fully
occluded by the tree three times, as observed from the plot and video tracking results,
shared in [98]. Under these circumstances, PFCNNOcc keeps tracking with robust
performance under several long-term full occlusions using the novel “Re-Identification
Module Full Occlusion”. When plots for segmentation loss (seg loss), flow loss, and
occlusion loss (occ loss) in Figure 6.29 are examined, the average values of all loss
types are very small. Hence, it can be concluded that predictions of the “Flow and
Occlusion Model”and “Segmentation Model”are very similar to the ground truth data.
The confusion matrix in Figure 6.29 shows that the classification score of the “Classifier
Model”to estimate the ID of the vehicle as the car is 0.99%. While the car moves along
the negative x-axis and positive y-axis of the image coordinates under full occlusion,
the x and y components of the vector of predicted_flow_f are annotated on the output
image, shown in Figure 6.28. In this situation, the motion vector is not calculated
because of the full occlusion, and the flow vector is predicted using the last known
value of the predicted flow vector from the previous iteration. All numerical results,

presented in Figure 6.29, can also be verified with the video results, shared in [98].
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Figure 6.29. Simulation results of scenario c_.a_6_0_g_1.
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6.3.1.8. Scenario-Based Simulation Results of c.a_ 6.0_g 2. A snapshot, taken from the

video output during tracking, is displayed in Figure 6.30, and the simulation results

are shown in Figure 6.31.
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Figure 6.30. A snapshot from scenario c_a_6_0_g_2 during tracking.

The car enters the frame at the 126th iteration, and the scenario stops at the
233rd iteration. In this scenario, the car drives on the road inside a rural area, popu-
lated with trees and a road sign structure. These objects occlude the vehicle partially
for the short term and fully for the short and long term with high frequency. In the
meantime, the car faces the illumination variation because of the shade of the trees. As
plotted in Figure 6.31, the precision score is 0.980. This means an almost perfect score
in terms of precision. The success score is 0.694, which shows the robustness of the
proposed method to estimate the precise location and the size of the bounding box at
every iteration. Hence, the method achieves robust tracking performance under several
short-term and long-term full occlusion conditions and illumination variation. The plot
for the degree of occlusion shows the high performance of PEFCNNOcc for detecting the
occlusion and the degree of it during tracking. The iterations that the degreeOfOc-
cAll is between 30% and 100% represent the images in which the tracked car is being
partially and fully occluded by the road sign structure and the trees, three times as
observed from the plot and video tracking results, shared in [98]. Under these circum-

stances, PFCNNOcc keeps tracking with robust performance under several short-term
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Figure 6.31. Simulation results of scenario c_.a_6_0_g_2.
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and long-term, partial and full occlusions using the novel “Re-Identification Module
Full Occlusion”. When plots for segmentation loss (seg loss), flow loss and occlusion loss
(occ loss) in Figure 6.31 are examined, the average values of all loss types are minimal.
Hence, it can be concluded that predictions of the “Flow and Occlusion Model”and
“Segmentation Model”are similar to the ground truth data. The confusion matrix in
Figure 6.31 shows that the classification score of “Classifier Model”to estimate the ID
of the vehicle as the car is 0.87%. While the car drives along the positive x-axis of
the image coordinates, the = and y components of the vector of predicted_flow_f are
annotated on the output image, shown in Figure 6.26. Flow_f x and flow_f_y are calcu-
lated as 5.2 and 0.0 pixels, and the color, representing the motion vector of the pixels
in both flow_f and GT_flow_f, is blue. This means that the proposed method calculates
the flow vector of the car correctly with a robust performance during tracking. All
numerical results, presented in Figure 6.27, can also be verified with the video results,

shared in [98].

6.3.2. Simulation Results of the Final Version of the Tracking Model and
the State-Of-The-Art Trackers on the UAV123 10fps Dataset

Simulation results of the final version of the PFCNNOcc and the state-of-the-art
trackers on the UAV123 10 fps dataset [2] are extracted and evaluated in three different
comparison approaches in terms of precision and success scores; 1. Overall comparison,
2. Attribute-based comparison and 3. Scenario-based comparison. While the overall
comparison, elaborated in Section 6.3.2.1, presents the final average performance of
the methods against all visual visual problems, attribute-based evaluation, in Section
6.3.2.2, visualize the performance analysis of the methods depending on the all visual
problems, referenced in this thesis. Scenario-based comparison puts forward the per-
formance of the trackers based on each scenario or video in Section 6.3.3.3. And the
videos, showing the simulation results during tracking for each scenario, are presented
in [99], and they are comprised of the final tracking result, predicted forward and back-
ward optical flow and occlusion maps, segmentation masks, and processed occlusion

maps on the images and cropped ROI images. The details of the information, anno-
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tated on the images in the final tracking result videos, are presented in the following

items.

o The information, shown on the top left side of the image: The number of iterations
(iter), degreeOfOccRel (degOfOccRel), degreeOfOccAll (degOfOccAll), reference
class ID (refClassID), predicted forward flow along the z and y axes, flow_f x
and flow_f.y and the ground truth values for these vectors, flow_f x GT and
flow_f_y_GT, and the threshold values, pixelCountLowerBound and sizeCount-
LowerBound.

e The information, shown on the top right side of the image: Success rate or
score (SuccR), precision rate or score (PrecR), the number of visible contours
inside the ROI search and the number of these that satisfy the contourFlowCheck
conditions, # of visCnts and # of visCntsProc, the value of the flags to monitor
the state of the scaleChange, rescale and rotation situation, and the reference
number of the pixel count for the target, actualPixel, as well as the instantaneous
number of pixel count for the target at that specific frame, mask2Pixel.

« Rectangles/squares and annotations around the target: Green rectangle/square
(ground truth for the bounding box), blue rectangle/square (estimated/predicted
bounding box), yellow rectangle/square (ROI), estimated class ID name (blue),

and class score (blue).

6.3.2.1. Overall Comparison. Overall comparison between the final version of the
PFCNNOcc and the SOTA trackers on the UAV123 10fps dataset [2] is shown in
Figure 6.32 and Table 6.1. As understood from the simulation results, PFCNNOcc
outperforms all SOTA trackers in terms of precision and success scores against all vi-
sual problems, faced in 21 scenarios, summarized in Table 5.1. The precision score of
the proposed method is 0.943, and it means that PFCNNOcc can estimate the location
of the bounding box with an error smaller than 20 pixels for 94.3% of the frames of
all videos. Even the Siamese Network-based CNN methods are not able to achieve
such a high precision tracking score, and SiamAPN [35] is able to reach a precision

score of 0.863, which is the closest to that of the PFCNNOcc. The success score of the
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PFCNNOcc is 0.763, and SiamAPN has the closest score with 0.756. This score verifies
that the PFCNNOcc is very capable of tracking not only the location but also the size
of the bounding box of the target compared to the SOTA trackers. The superiority of
the final version of the PFCNNOcc against the SOTA arises from the novel functions
of the PFCNNOcc, elaborated in the following items.

Re-Identification Module Final PFCNNOcc.
Occlusion Detector and Calculator Final PFCNNOcc.
Full Occlusion Dense Search Module Final PFCNNOcec.

Merged Target Detection.

Table 6.1. Overall performance of the final version of PFCNNOcc and the SOTA

trackers. The best three performances are highlighted in red, green, and blue colors.

Trackers Precision Score | Success Score
DSST 0.404 0.276
DaSiamRPN 0.799 0.674
ECO 0.775 0.562
MEEM 0.316 0.289
MUSTER 0.364 0.357
RTMDNet 0.823 0.565
SRDCF 0.417 0.433
SiamAPN 0.883 0.756
SiamAPN++ 0.869 0.738
SiamRPN 0.830 0.691
Struck 0.353 0.296
StruckUAV 0.441 0.378
PFCNNOcc 0.943 0.763
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Figure 6.32. Overall precision and success plots of the SOTA trackers and the final

version of PFCNNOcc.
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“Re-Identification Module Final PFCNNOcc”utilizes the forward and backward
optical flow predictions, and the segmentation masks of the consecutive images with
a novel matching algorithm to re-detect the target at the beginning of each image
pair and to find the location and the size of the target at the pixel level with high
precision. In the meantime, the average motion vector for the target is also calculated.
The location, size, and motion vector, calculated with high accuracy by the matching
algorithm, pave the way to boost the tracking performance of the final version of
the PFCNN. “Occlusion Detector and Calculator Final PFCNNOcc”is very vital to
decide whether a pixel is non-occluded, will-be-occluded, and already-occluded, and
to calculate the degree of occlusion by considering the possible scale and aspect ratio
variations. This novel function increases the robustness of the method against partial
and full occlusion, and hence, it makes a difference compared to the SOTA trackers.
“Full Occlusion Dense Search Module Final PFCNNOcc”is a combination of the “Re-
Identification Module Final PFCNNOcc”and “Occlusion Detector and Calculator Final
PFCNNOcc”with a dense-search algorithm to re-detect the target after a short-term or
a long-term occlusion with varying frequencies or periods. The overall performance of
most of the SOTA trackers decreases because of the full occlusion condition, creating a
huge uncertainty in terms of the location and size after the target vanishes. The amount
of uncertainty is cumbersome for the trackers to handle after the target appears on the
scene again at the end of a long-term full occlusion. Hence, “Full Occlusion Dense
Search Module Final PFCNNOcc”has the key contribution to the best performance
of the PFCNNOcc. The merged target detection function at the end of the iteration
detects whether a target is occluded by another vehicle during tracking. After the
occlusion or merged-target condition ends, the discrimination capability of the function
that separates the target from other vehicles on the run helps the PFCNNOcc to
continue tracking precisely. All these novel functions lead the final PFCNNOcc to the

top of SOTA in terms of precision and success scores.

The threshold, T'H1, is utilized to decide the transition from No occlusion to
Partial occlusion, and the selection of this threshold is dependent on the deterioration

level of the visual model of the target. Even if 25-30 % of the target is occluded, it is
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verified that the feature of the visual model under the occlusion has changed slightly,
and the similarity score between its feature and the reference feature becomes very high.
It is observed that as the degree of occlusion increases, the visual model of the target
changes, and the variance of the visual model of the target gets very high. Therefore,
during tracking, the update of the visual model is stopped, and the particle filter is
not used to estimate the target kinematics anymore because of the high variance in the
visual model that the occlusion triggers. All in all, 30% is assumed to be the optimal
threshold to decide the transition between No Occlusion and Partial Occlusion states

in the proposed method.

6.3.2.2. Attribute-Based Comparison. In attribute-based comparison, the final PFC-

NNOcc and the SOTA trackers are compared depending on their performances against
scale change (SC), aspect ratio variation (ARV), fast motion (FM), out-of-view (OOV),
low resolution (LR), viewpoint change (VC), camera motion (CM), similar object (SO),
partial occlusion (PO), full occlusion (FO), and illumination variation (IV). As seen
from the precision results, shown in Figures 6.33, 6.34 and summarized in Table 6.2,
the final PFCNNOcc outperforms the SOTA trackers against 9 visual problems and
achieves the second highest performance against full occlusion with a very high preci-

sion score of 0.920.

The novel functions, “Re-Identification Module Final PECNNOcc”and “Occlusion
Detector and Calculator Final PFCNNOcc”, provide the superiority of the PFCNNOcc
against the partial occlusion, even though the SOTA methods, such as ECO [28], RT-
MDNet [25], SiamAPN [35], SiamAPN++ [39)], are also designed based on CNNs. “Full
Occlusion Dense Search Module Final PFCNNOcc”function makes the performance of
the final PFCNNOcc against full occlusion almost perfect via its dense-search algo-
rithm, and carries it to the top of the SOTA trackers with SiamAPN [35]. The novel
final PFCNNOcc and SiamAPN [35] are by far the best methods against full occlusion.



206

The final PFCNNOcc achieves the top performances in terms of average precision
score and average success score, as 0.8875 and 0.663 against both partial occlusion and
full occlusion, respectively. The main contribution of these functions results from the
optical flow predictions and the segmentation masks that are used to segment the

target, while the occlusion state of each segmented pixel is decided and marked.

Attribute-based success scores of the final version of the PFCNNOcc and the
SOTA methods are plotted in Figures 6.35, 6.36 and summarized in Table 6.3, and
it is easily realized that the final PFCNNOcc outperforms the SOTA trackers against
8 visual problems and achieves the second highest performance against full occlusion
and viewpoint change with high success scores. The robustness in success scores is
directly related to the correctness of not only the location but also the size of the

target, estimated at the end of each iteration.

The novel functions, “Re-Identification Module Final PEFCNNOcc”and “Occlusion
Detector and Calculator Final PFCNNOcc”, provide the superiority of the PFCNNOcc
against the partial occlusion, even though the SOTA methods, such as ECO [28], RT-
MDNet [25], SiamAPN [35], SiamAPN++ [39)], are also designed based on CNNs. “Full
Occlusion Dense Search Module Final PFCNNOcc”function makes the performance of
the final PFCNNOce against full occlusion almost perfect via its dense-search algo-
rithm, and carries it to the top of the SOTA trackers with SiamAPN [35]. The novel
final PFCNNOcc and SiamAPN [35] are by far the best methods against full occlusion.
The final PFCNNOcc achieves the top performances in terms of average precision score
and average success score, as 0.8875 and 0.663 against both partial occlusion and full
occlusion, respectively. The main contribution of these functions results from the op-
tical flow predictions and the segmentation masks that are used to segment the target,

while the occlusion state of each segmented pixel is decided and marked.
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Figure 6.33. Attribute-based precision plots of the SOTA trackers and the final
version of PFCNNOcc.
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Figure 6.34. Attribute-based precision plots of the SOTA trackers and the final
version of PFCNNOcc. (cont.)



Table 6.2. Attribute-based precision results of the SOTA trackers and the final version of PFCNNOcc

performances are, respectively highlighted in red, green, and blue colors.

. The best three

Attribute-Based Precision Scores

Trackers PO FO SC | ARV | LR | FM | OOV | IV vC | CM SO

DaSiamRPN 0.743 | 0.664 | 0.799 | 0.722 | 0.752 | 0.953 | 0.685 | 0.954 | 0.731 | 0.751 | 0.819
ECO 0.875 | 0.770 | 0.775 | 0.726 | 0.976 | 0.275 | 0.857 - 0.521 | 0.776 | 0.885
DSST 0.335 | 0.069 | 0.404 | 0.271 | 0.079 | 0.244 | 0.267 | 0.699 | 0.343 | 0.292 | 0.378
SRDCF 0.340 | 0.090 | 0.433 | 0.271 | 0.119 | 0.285 | 0.272 | 0.785 | 0.318 | 0.340 | 0.457
MEEM 0.223 | 0.0.069 | 0.316 | 0.225 | 0.077 | 0.371 | 0.170 | 0.444 | 0.299 | 0.223 | 0.294
MUSTER 0.286 | 0.069 | 0.364 | 0.225 | 0.081 | 0.292 | 0.178 | 0.583 | 0.295 | 0.286 | 0.330
Struck 0.281 | 0.090 | 0.353 | 0.227 | 0.128 | 0.256 | 0.292 | 0.518 | 0.289 | 0.312 | 0.383
SiamRPN 0.790 | 0.681 | 0.830 | 0.769 | 0.936 | 0.952 | 0.725 | 0.954 | 0.721 | 0.832 | 0.865
RTMDNet 0.867 | 0.735 | 0.823 | 0.801 | 0.975 | 0.868 | 0.915 - 0.612 | 0.859 | 0.867
SiamAPN 0.828 | 0.847 | 0.883 ] 0.810 | 0.753 |1 0.936 | 0.779 | 1.000 | 0.9141 | 0.840 | 0.898
SiamAPN++ 0.809 | 0.758 | 0.869 | 0.808 | 0.847 | 0.938 | 0.822 | 0.984 | 0.834 | 0.876 | 0.862
PFCNNOce 0.932 | 0.843 |0.943]0.936 | 0.977 | 0.979 | 0.969 | 0.922 | 0.929 | 0.979 | 0.925
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The final PFCNNOcc achieves the best precision and success scores compared
to the Siamese network-based trackers, SiamAPN [35] and SiamAPN++ [39], against
scale change and aspect ratio variation by means of the “Segmentation Model”, utilized
to segment the targets on the scene. The pixel-wise segmentation of the targets boosts
the detection capability of the “Re-Identification Module Final PFCNNOcc”function.
Whenever the target faces scale change and aspect ratio variation, this function can
localize the target as well as its dimensions with very high precision, and provides the
final PFCNNOcc invariance to these visual problems. In the meantime, the “Occlusion
Detector and Calculator Final PFCNNOcc”function controls the presence of the scale

change and aspect ratio, considering the possible occlusion state.

The precision and success scores of the final PFCNNOcc for the videos, including
low resolution and illumination variation problems, show the robustness of the CNN
models. While the “Segmentation Model”produces high precision segmentation masks,
and “Classifier Model”extracts accurate features and class predictions for the vehicles
on the scene, the method estimates the location and the size of the target as perfectly
as possible by means of the novel functions of the final PFCNNOcc. While the final
PFCNNOcc achieves the SOTA precision and success scores against low resolution, it
is beneath the top-5 performing methods, such as SiamAPN [35], SiamAPN++ [39],
SiamRPN [37], DaSiamRPN [38], and itself against the illumination variation problem.
As seen from the results, the precision score of PFCNNOcc is very close to those of
Siamese-based methods, and outperforms the methods by far. It is thought that the
small gap between PFCNNOcc and Siamese-based methods can be closed by fine-
tuning the CNN methods with the S-UAV and UAV123 datasets that are augmented

with more images, and illumination variation is applied with different levels.

The final PECNNOcc is by far the best method among the SOTA methods against
the out-of-view problem in terms of the precision and success scores. This superiority
of the proposed method results from the novel functions, “Re-Identification Module
Final PFCNNOcc”, “Occlusion Detector and Calculator Final PFCNNOcc”, and “Full
Occlusion Dense Search Module Final PFCNNOcc”, that are also key functions to
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tracking the target under the partial and full occlusion state. When the target is out
of view or the scene, it means that the full occlusion state occurs. Then, “Full Occlusion
Dense Search Module Final PFCNNOcc”function handles the problem, and whenever
the target is seen after a short-term or long-term full occlusion, it can re-detect the
target and hand over the tracking process to other novel functions successfully. These
are also verified by the precision and success scores, derived against partial occlusion,

full occlusion, and out-of-view.

For the videos where the target shows a nonlinear motion with a large displace-
ment vector as well as drastic variations in its visual model because of fast motion,
view point change and camera motion variation, the final PFCNNOcc outperforms the
SOTA trackers using the dense ROI sampling scheme of the “Re-Identification Mod-
ule Final PFCNNOcc”function, precise predictions of “Flow Model”, “Segmentation
Model”and “Classifier Model”, the reference feature update mechanism, utilized at the
end of each iteration if the degree of occlusion is smaller than 30%, and the strategy to
decide whether the rescaling is required depending on the size of the target from the
previous iteration. Even the methods, using Siamese-based networks, can not achieve

the high precision and success scores that the final PFCNNOcc has.

The proposed method is also very robust at image sequences that include similar
objects or vehicles, and achieves the SOTA precision and success scores with an impor-
tant performance difference. The robustness against this visual problem results from
the matching algorithm of the “Re-Identification Module Final PFCNNOcc”function as
well as the merged-target detection function. The second-best method, SiamAPN [35],
can not perform a higher precision score than the proposed method, even though it
is designed with a Siamese-based network architecture, searching for a reference or a
template frame in the parallel running networks. The final PFCNNOcc achieves the

top-3 performing success score that is almost the same as SiamAPN [35].
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Figure 6.35. Attribute-based success plots of the SOTA trackers and the final version
of PFCNNOcec.
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Figure 6.36. Attribute-based success plots of the state-of-the-art trackers and the
final version of PEFCNNOcc (cont.).



Table 6.3. Attribute-based success results of the SOTA trackers and the final version of PFCNNOcc. The best three performances

are, respectively highlighted with red, green, and blue colors.

Attribute-Based Success Scores

Trackers PO FO SC | ARV | LR | FM | OOV | IV vC | CM | SO

DaSiamRPN 0.622 | 0.399 | 0.674 | 0.606 | 0.531 | 0.780 | 0.601 | 0.763 | 0.657 | 0.662 | 0.622
ECO 0.582 | 0.375 | 0.562 | 0.458 | 0.599 | 0.429 | 0.464 - 0.362 | 0.561 | 0.586
DSST 0.248 | 0.001 | 0.276 | 0.208 | 0.042 | 0.136 | 0.233 | 0.524 | 0.252 | 0.208 | 0.249
SRDCF 0.352 | 0.001 | 0.417 | 0.303 | 0.079 | 0.270 | 0.366 | 0.686 | 0.334 | 0.349 | 0.387
MEEM 0.235 | 0.001 | 0.289 | 0.236 | 0.041 | 0.264 | 0.214 | 0.502 | 0.283 | 0.234 | 0.243
MUSTER 0.288 | 0.001 | 0.357 | 0.249 | 0.047 | 0.194 | 0.236 | 0.659 | 0.308 | 0.275 | 0.318
Struck 0.275 | 0.001 | 0.296 | 0.216 | 0.063 | 0.140 | 0.303 | 0.513 | 0.245 | 0.235 | 0.285
SiamRPN 0.648 | 0.395 | 0.691 | 0.633 | 0.655 | 0.782 | 0.634 | 0.766 | 0.641 | 0.715 | 0.650
RTMDNet 0.535 | 0.294 | 0.565 | 0.453 | 0.593 | 0.720 | 0.447 - 0.370 | 0.542 | 0.867
SiamAPN 0.700 | 0.621 | 0.756 | 0.707 | 0.599 | 0.779 | 0.672 | 0.860 | 0.782 | 0.735 | 0.729
SiamAPN++ 0.679 | 0.553 | 0.738 | 0.678 | 0.674 | 0.789 | 0.703 | 0.844 | 0.714 | 0.756 | 0.700
PFCNNOce 0.747 | 0.579 | 0.763 | 0.747 | 0.734 | 0.798 | 0.773 | 0.761 | 0.758 | 0.793 | 0.712
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6.3.2.3. Scenario-Based Comparison. The final PFCNNOcc and the SOTA trackers

are compared depending on their precision and success scores for each video or image
sequence, listed in Table 5.1. As observed from the precision and success results,

displayed in Figures 6.37-6.44, the final PFCNNOcc outperforms the SOTA trackers
by far. The details are elaborated in the following paragraphs.

The final PFCNNOcc achieves the top precision scores in the scenarios, named
as carl_1, carl_2, carl_3, car2, car3, card, car6_1, car6_2, car6_3, car6_4, car6_5, car8_1,
car9, carl0, carl6_1, carl6_2, carl7, carl8, compared to the SOTA trackers. It means
that the final PFCNNOcc outperforms or shares the same top precision scores with
the SOTA trackers. Depending on the Siamese-based network used, the proposed
tracker performs equally well or superior to SiamAPN [35] and SiamAPN++ [39], for
85%(18/21) of all scenarios, listed in Table 5.1. In terms of the success scores, the pro-
posed method outperforms the SOTA in carl_3, car6_1, car6_2, car6_3, car6_5, car8_1,
car9 and car16_1 that is 38%(8/21) of the videos, and, in consequence, it achieves top-3
performing scores at the 72%(15/21) of the scenarios. The very distinguishable success
of the PFCNNOcc against the SOTA trackers in car6_1, car6_2, and car6_5 that include
high magnitude scale change, aspect ratio variation and viewpoint change, stems from
the novel “Re-Identification Module Final PFCNNOcc”. While predicted flow vectors
provide the correct displacement of the targets, they also contribute to the highly pre-
cise estimation of the location of the target. A precise segmentation map, predicted
on a pixel basis, improves the correctness of the predicted location and, especially, the

size of the target on the scene, even under severe scale and aspect ratio variations.

In card and car7, PFCNNOcc achieves the top-4 performing success scores. Es-
pecially, the poorest precision and success scores of the PFCNNOcc are observed only
in the car7 because of an identical car that is present on the scene after a short-term
full occlusion state. As soon as the tracked car is visualized on the scene again, the
PFCNNOcc re-detects the car with the identical visual model of the target within a
very close proximity. Therefore, while the possibility of detecting the target rather
than its identical one is almost the same, the PFCNNOcc re-detects and tracks the



216

wrong car with identical visual features, contributing to the lowest precision and suc-
cess score. When all the results of the SOTA trackers are analyzed, the PFCNNOcc
outperforms most of the SOTA trackers, especially SiamAPN-++ [35], SiamRPN [37],
RTMDNet [25], and SRDCF [21].

In carl_2, carl_3, car2 that include partial occlusion and full occlusion, coupled
with other visual problems such as scale change, aspect ratio variation, out-of-view,
viewpoint change, camera motion and similar object, the novel functions of the final
PFCNNOcc, “Re-Identification Module Final PFCNNOcc”and “Occlusion Detector
and Calculator Final PFCNNOcc”, provide precise target tracking where the target
is visible on the scene. “Full Occlusion Dense Search Module Final PFCNNOcc re-
detects the target in a short-term or a long-term full occlusion state with high precision.
These occlusion states result from the road signs, statues, trees, other vehicles on the
scene, and the disappearance condition from the scene. This is observed especially for
carl_3, one of the hardest scenarios in the UAV123 10 fps dataset, because of the long-
term partial and full occlusion. In the meantime, the car undergoes serious scale and
aspect ratio variations and drastic changes in its visual model. The final PFCNNOcc
outperforms the state-of-the-art with a full precision score (1.000) and a success score
of 0.695, which is the highest one by far. This score is lower than the success scores of
other scenarios however, it is still the highest among other trackers since this scenario

is a tough one for all trackers.

In car3, card, car6.5, car8_1, car9, carl0 and carl6_1, the partial occlusion
is coupled with the other visual problems except the full occlusion problem. “Re-
Identification Module Final PFCNNOcc”and “Occlusion Detector and Calculator Final
PFCNNOcc”processes successfully in segmenting and matching the cars on the scene
and detecting the state and the degree of partial occlusion. From this point of view, the
final PFCNNOcc performs the top precision scores in these scenarios with the partial

occlusion, and is also able to achieve the highest success scores for 57%(4/7) of them.
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In car16_1, carl6_2, carl7, and carl8, the car moves non-linearly, which initiates a
very fast motion, coupled with a very drastic visual model variation, viewpoint change,
as well as serious scale and aspect ratio variations. This is one of the hardest scenarios.
The final PFCNNOcc surpasses the SOTA trackers in these scenarios by utilizing the
“Re-Identification Module Final PFCNNOcc”and the “Particle Filter’module. “Re-
Identification Module Final PEFCNNOcc utilizes the predicted optical flow maps and
segmentation masks, extracted from ROI sampling areas in consecutive images, with
a robust matching algorithm to localize the tracked target with its size. Then the
“Particle Filter Module”fine-tunes the location and size of the target at the end of
the iteration. These features of “Re-Identification Module Final PEFCNNOcc”and the
“PF Module”are the contributions to the literature, and pave the way for the final
PFCNNOcc as the most robust method in terms of the precision and success scores in

these scenarios.

“Merged Target Detection "condition evolves the target tracking result in carl_2
and carlO, where the target is partially occluded or comes into very close proximity
with the other vehicles or similar objects, and helps the “Re-Identification Module
Final PFCNNOcc”and “Occlusion Detector and Calculator Final PFCNNOcc”function
to lead the final PFCNNOcc to success. In car8.2, the PFCNNOcc continues high-
precision tracking under severe scale change, coupled with aspect ratio variation and
rotation at the beginning of the scenario in terms of the precision and success scores.
When the tracked car is merged with a bigger car, following on the back and close to
the camera, and the location and size of the target, estimated, are deteriorate. This
merged target condition contributes to the degradation in the precision and success
scores, even though the “Merged-Target Detection "re-detects the target successfully

after this condition vanishes, and the PFCNNOcc continues the tracking.
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Figure 6.37. Scenario-based precision plots of the SOTA trackers and the final version
of PFCNNOcec.
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Figure 6.38. Scenario-based precision plots of the SOTA trackers and the final version

of PFCNNOcc (cont.).
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Figure 6.39. Scenario-based precision plots of the SOTA trackers and the final version
of PFCNNOcc (cont.).
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Figure 6.40. Scenario-based precision plots of the SOTA trackers and the final version
of PFCNNOcc (cont.).
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Figure 6.41. Scenario-based success plots of the SOTA trackers and the final version
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Figure 6.42. Scenario-based success plots of the state-of-the-art trackers and the final

version of PFCNNOcc (cont.).
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Figure 6.43. Scenario-based success plots of the SOTA trackers and the final version

of PFCNNOcc (cont.).
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Figure 6.44. Scenario-based success plots of the SOTA trackers and the final version

of PFCNNOcc (cont.).

6.3.3. Simulation Results for the Ablation Study with the Final Version of
the Tracking Model on the UAV123 10fps Dataset

Simulation results of the final version of the PFCNNOcc, its ablation versions
and the SOTA trackers on the UAV123 10 fps dataset [2] are extracted and evaluated
in three different comparison approaches in terms of precision and success scores; 1.
Overall comparison, 2. Attribute-based comparison and 3. Scenario-based compari-
son. Even though the precision and success results of the SOTA trackers are depicted
in the plots, the main aim is to analyze and put forward the evolution of the final
version of the PFCNNOcc depending on its ablation versions. In the meantime, the

details about the simulation results in Section 6.3.2 are valid too for the ablation anal-

ysis. Additionally, the ablation versions of the PFCNNOcc, namely PFCNNOccWOM,
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PFCNNOccWOOccCale, and UDSCNNOcc, are annotated with the addition of “ABL
"keyword on the precision and success plots in Figures 6.45-6.55. Because of the similar
scores of the methods, such as PFCNNOcc and UDSCNNOcc, the lines in plots may
coincide with each other, and may become invisible. “ABL ”stands for the “ablation
"in this context. And the videos, showing the simulation results during tracking for

cach scenario, are presented in [100].

6.3.3.1. Overall Comparison. Overall comparison between the final version of the

PFCNNOcc and its ablation versions on the UAV123 10fps dataset [2] is shown in

Figure 6.45 and Table 6.4. As understood from the precision and success results,
“Occlusion Calculator” and “Merged Target Detection” functions evolve the tracking
performance of the PFCNNOcc step by step. PFCNNOccWOOccCalc shows the lowest
tracking performance because of the lack of the “Occlusion Calculator” function, which
is responsible for calculating the degree of overall occlusion during tracking. Without
updating the degree of overall occlusion, the PFCNNOccWOOccCalc is unaware of
the occlusion transitions. When the target is under full occlusion, the PFCNNOcc-
WOOccCalc is not able to switch to the “Full Occlusion Dense Search Module Final
PFCNNOcc” function to search for the occluded target. Another weakness of this abla-
tion version is updating the reference feature of the target under the partial occlusion,
which disturbs the reference feature tailored during the re-identification and tracking
processes. The integration of the “Occlusion Calculator” function boosts the precision

and success scores of the PFCNNOcc significantly.

The importance of the “Merged Target Detection” function is easily discerned
from the performance differences between the PFCNNOcc and the PEFECNNOccWOM.
“Merged Target Detection” provides the PFCNNOcc with situational awareness against
another vehicle, and that can merge with a tracked target and a capability to discrimi-
nate the target from a newly emerged vehicle after the merged condition vanishes. The
PFCNNOcc gains a very vital performance evolution that drives it to the top of the
SOTA with the invention of the “Merged Target Detection” function.
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While the PFCNNOcc outperforms the UDSCNNOce and the SOTA trackers
by the integration of the “Particle Filter” module to fine-tune the rough estimate of
the target state variables in terms of the overall precision score, the uniform dense
search function of the UDSCNNOcc provides a slightly higher success score compared
to that of the PFCNNOcc. These results prove that while the PFCNNOcc provides
more precise location estimates of the bounding boxes for the target, the UDSCNNOcc
has better estimates for the size of the target, depending on the success results. It is
thought that the performance difference between the UDSCNNOcc and the PFCNNOcc
in terms of the success scores occurs because of the insufficient number of particles,
tailored by the PFCNNOcc to sample the region around the rough estimate location
of the target. The performance of the PFCNNOcc may increase if the number of
particles is increased. Modeling the process equation with a non-linear model instead

of a random walk model can boost the performance of the PFCNNOcc advantageously.

Table 6.4. Overall performance of the final version of PFCNNOcc and the ablation

versions. The best three performances are highlighted with red, green, and blue

colors.
Ablation Versions Precision Score | Success Score
PFCNNOccWOOccCalc 0.723 0.588
PFCNNOccWOM 0.903 0.730
UDSCNNOcc 0.782
PFCNNOcc 0.943

6.3.3.2. Attribute-Based Comparison. Attribute-based precision and success scores of

the PFCNNOcc and its ablation versions against visual problems, such as, SC, ARV,
FM, OOV, LR, VC, CM, SO, PO, FO and IV are presented in Figures 6.46-6.49 and
Tables 6.5 and 6.6. The observations and analysis about the ablation versions of the
PFCNNOcc in Section 6.3.3.1 are also valid for the attribute-based comparison. The
integration of the “Occlusion Calculator” “Merged Target Detection” and the “Particle

Filter” module into the PFCNNOcc increases the performance considerably in terms of
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Figure 6.45. Overall precision and success plots of the final version of PFCNNOcc,

the ablation versions, and the SOTA trackers.
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the precision and success scores. Especially for the full occlusion problem, the “PFCN-
NOccWOOccCalc” shows a moderate precision and success scores because of the lack
of “Occlusion Calculator” providing the updated calculation of the degree of overall
occlusion. Being unaware of the actual value of the degree of the overall occlusion leads
to the incorrect timing for the update of the reference feature during all iterations of
the tracking. The misleading reference feature creates poor performance in terms of
precision and success scores. The “PFCNNOccWOM” without “Merged Target Detec-
tion” function faces performance degradation in terms of precision and success scores
against all visual problems. “Merged Target Detection” creates a great deal of con-
tribution to the tracking performance of the PFCNNOcc, especially for videos with
similar objects, partial occlusion, and full occlusion. While the PFCNNOcc outper-
forms the UDSCNNOcc and the SOTA trackers by the integration of the “Particle
Filter” module in terms of the precision score, the uniform dense search function of the
UDSCNNOcc provides a slightly higher success score compared to that of the PFCN-
NOcec. It is thought that the performance difference between the UDSCNNOcc and the
PFCNNOcc in terms of the success scores occurs because of the insufficient number of
particles, tailored by the PFCNNOcc to sample the region around the rough estimate
location of the target. The performance of the PFCNNOcc may increase if the number

of particles is increased.

6.3.3.3. Scenario-Based Comparison. Success-based precision and success scores of the

PFCNNOcc and its ablation versions are presented in Figures 6.37-6.40. As clearly seen
from the precision and success results, “Occlusion Calculator” and “Merged Target
Detection” functions evolve the tracking performance of the PFCNNOcc step by step
for almost all scenarios. In the scenarios, such as carl_2, carl_3, car2, car4, car7, car9,
in which the full occlusion exists, PFCNNOccWOOccCalc shows the lowest tracking
performance because of the lack of the “Occlusion Calculator” function. When the
target is under full occlusion, the PFCNNOccWOOccCalc is not able to switch to the
“Full Occlusion Dense Search Module Final PFCNNOcc” function to search for the
occluded target. Another weakness of this ablation version is updating the reference

feature of the target under the partial occlusion, which disturbs the reference feature.
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In carl_2, car8_2, and carl0, the tracked target is merged by other vehicles par-
tially or fully, and the absence of the “Merged Target Detection” in the PFCNNOcc-
WOM leads to a performance degradation in terms of the precision and success scores.
The PFCNNOcc gains a very vital performance evolution that drives it to the top of the
SOTA with the invention of the “Merged Target Detection” function. While the PFC-
NNOcc outperforms the UDSCNNOcc and the SOTA trackers by the integration of the
“Particle Filter” module to fine-tune the rough estimate of the target state variables in
terms of the precision scores, the uniform dense search function of the UDSCNNOcc
provides a slightly higher success score compared to that of the PFCNNOcc. These
results prove that while the PFCNNOcc provides more precise location estimates of
the bounding boxes for the target, the UDSCNNOcc has better estimates for the size

of the target, depending on the success results.

Table 6.5. Attribute-based precision results of the final version of PFCNNOcc and

ablation versions. The best three performances are highlighted in red, green, and blue

colors.
Attribute-Based Precision Scores
Ablation Versions PO FO SC ARV | LR | FM | OOV | IV VvC | CM SO
PFCNNOccWOOccCale 0.692 | 0.514 | 0.723 | 0.650 | 0.608 | 0.670 | 0.703 | 0.951 | 0.666 | 0.664 | 0.754
PFCNNOccWOM 0.872 | 0.740 | 0.903 | 0.898 0.952 | 0.943 | 0.921 | 0.898 0.857
UDSCNNOce 0.977 0.970 0.979
PFCNNOce 0.932 | 0.843 | 0.943 | 0.936 | 0.977 | 0.979 0.922 | 0.929 | 0.979 | 0.925

Table 6.6. Attribute-based success results of the final version of PFCNNOcc and
ablation versions. The best three performances are highlighted in red, green, and blue

colors.

Attribute-Based Success Scores

Ablation Versions PO FO SC ARV | LR | FM | OOV | IV VvC | CM SO
PFCNNOccWOOccCalce 0.554 | 0.342 | 0.588 | 0.519 | 0.455 | 0.559 | 0.556 | 0.808 | 0.539 | 0.537 | 0.583
PFCNNOccWOM 0.698 | 0.488 | 0.730 | 0.715 | 0.704 | 0.772 | 0.746 | 0.761 | 0.729 | 0.781 | 0.657
UDSCNNOce 0.770 | 0.602 | 0.782 | 0.759 | 0.782 | 0.800 | 0.814 0.760 | 0.818 | 0.739
PFCNNOcc 0.761
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Figure 6.46. Attribute-based precision plots of the final version of PFCNNOcc, the
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Figure 6.47. Attribute-based precision plots of the final version of PFCNNOcc, the

ablation versions, and the SOTA trackers (cont.).
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Figure 6.48. Attribute-based success plots of the final version of PFCNNOcc, the

ablation versions, and the SOTA trackers.
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Figure 6.49. Attribute-based success plots of the final version of PFCNNOcc, the

ablation versions, and the SOTA trackers (cont.).
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Figure 6.50. Scenario-based precision plots of the final version of PFCNNOcc, the

ablation versions, and the SOTA trackers.
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Figure 6.51. Scenario-based precision plots of the final version of PFCNNOcc, the

ablation versions, and the SOTA trackers (cont.).
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Figure 6.52. Scenario-based precision plots of the final version of PFCNNOcc, the

ablation versions, and the SOTA trackers (cont.).
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Figure 6.53. Scenario-based success plots of the final version of PEFCNNOcc, the

ablation versions, and the SOTA trackers.
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Figure 6.54. Scenario-based precision plots of the final version of PFCNNOcc, the

ablation versions, and the SOTA trackers (cont.).
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Figure 6.55. Scenario-based precision plots of the final version of PFCNNOcc, the

ablation versions, and the SOTA trackers (cont.).
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7. CONCLUSIONS AND FUTURE WORK

In this thesis, the goal is to design a method that can track a vehicle against all
visual problems, especially occlusion, in videos from UAVs flying at low altitudes. The
complexity of the method differs based on the number of visual problems present in a
video. A road map is drawn with two steps to create a robust method. The first step is
to design a method that can track vehicles against visual problems, except occlusion.
This method is called PFCNN. The next and final step is to design PFCNNOcc, which
is capable of tracking a vehicle under all visual problems, especially partial and full

occlusion, which is not addressed by the PFCNN.

The PFCNN focuses on resolving abrupt changes in scale, aspect ratio, visual
model, target motion, and rotation for vehicle tracking in low-altitude UAV videos.
The PFCNN, which combines a CNN and a particle filter, is robust to rotation, scale
variation, changes in aspect ratio, fast motion, camera motion, viewpoint changes, and
the existence of similar objects in the image. The PFCNN makes the following three

contributions:

e A mechanism for rescaling particles against changes in scale and aspect ratio
is developed. Tracking under scale and aspect ratio variations is enhanced by
implementing a particle rescaling technique in which each particle is resized with
a different aspect ratio.

A new structure that mimics the APF [7-9] is obtained by completely integrating
the CNN model with the particle filter. State variable estimation is unquestion-
ably improved by supporting the weight update process of the particle filter with
their class probability scores, computed by a CNN.

o The unified multi-part vehicle tracking framework is created, where several track-
ing agents can function independently and produce estimates of bounding boxes
during the particle sampling phase. During the estimation stage of particle filter-

ing, the individual estimates for the parts are aggregated to get a final bounding
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box estimate for the whole vehicle. The multi-part tracking framework is indi-
vidually applied to different parts of the vehicle to be able to keep track of the
diverse movement of the vehicle and to improve tracking performance against as-
pect ratio variation, abrupt rotational changes, and fast motion issues. Because
of this, it is simpler to spot sudden variations in scale, aspect ratio, and rotation

for parts than to spot them for the entire vehicle.

For the time being, PFCNN outperforms all benchmark trackers in [4], [12,13], and
shares the top-2 ranks with the DL based methods such as DaSiamRPN [38].

While PFCNN and APF mimic the sampling scheme of the particle filter that
uses the optimal importance density, PFCNN outperforms APF when used for target
tracking under challenging scenarios, and when target and camera motion are nonlinear
with high dynamics. Hence, the contribution of the PFCNN is provided by utilizing the
class probability term in the weight update process. The use of the class probability,
calculated by CNN, is the novelty of the structure, and the key point that paves the

way to its success.

On the other hand, the PFCNNOcc method is designed to predict optical flow and
occlusion simultaneously. In order to utilize and train the CNN model in PFCNNOcc,
large-scale UAV datasets that include a rich diversity of objects and encompass various
weather conditions and landscapes are required. Currently, neither a synthetic nor a
real-life dataset exists in the literature that includes the ground truth for the optical
flow, occlusion, and segmentation information obtained from UAVs. Hence, a synthetic
dataset, named as S-UAV dataset, containing optical flow, occlusion, and segmentation
reference information of vehicles from the perspective of a UAV has been created for
the first time. The dataset is generated using the Unity game engine, thereby filling
the existing gap in the literature. The S-UAV dataset is very vital in the training of the
PFCNNOcc, and plays a very important role in the success of the PFCNNOcc during
target tracking. It is an important contribution and useful to the literature. In the

meantime, the segmentation of the vehicles, especially cars, in the UAV123 dataset [2],
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is achieved to create the ground truth data. This segmentation dataset is used to
fine-tune the segmentation model in the final version of the PFCNNOcc and boosts its

tracking performance.

The PFCNNOcc is designed to achieve a robust target tracking in videos from
UAVs flying at low altitudes against all visual problems, especially against short or long-
term partial and full occlusion coupled with aspect ratio change, background clutter,
camera motion, fast motion, illumination variation, low resolution, out-view, similar
object, scale variation, viewpoint change. In a rarely occurring scenario where the
target is fully occluded, and a very similar or the same object is in the vicinity of the
last known location of the target, the PFCNNOcc may sometimes detect the similar
object instead of the full-occluded target. The PFCNNOcc combines CNN models,
trained with the novel synthetic S-UAV dataset [10,11] and the UAV123 dataset [2]
to predict the optical low and occlusion maps, segmentation masks, and classification

scores. The success of PFCNNOcc is based on the following novel functions:

o Re-Identification Module Final PFCNNOcc: It utilizes the forward and backward
optical flow predictions, and the segmentation masks of the consecutive images
with a novel matching algorithm to re-detect the target at the beginning of each
image pair and to determine the location and the size of it at the pixel level with
high precision under short-term or long-term partial or full occlusion states with
varying frequencies. In the meantime, the average motion vector for the target
is also calculated. The location, size, and motion vector, calculated with high
accuracy, pave the way to boost the tracking performance of the final version of
the PFCNNOcc.

e Occlusion Detector and Calculator Module Final PFCNNOcc: It is vital to decide
whether a pixel is non-occluded, will-be-occluded, and already-occluded, and to
calculate the degree of occlusion by considering the possible scale and aspect ratio
variations. This novel function increases the robustness of the method against
partial and full occlusion, and hence, it makes a difference compared to the SOTA

trackers.
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o Full Occlusion Dense Search Module Final PFCNNOcc: It is a combination of the
“Re-Identification Module Final PFCNNOcc¢”and “Occlusion Detector and Cal-
culator Final PFCNNOcc”with a dense-search algorithm to re-detect the target
after a short-term or long-term full occlusion. The overall performance of most
of the SOTA trackers decreases because of the full occlusion condition, creating
a huge uncertainty in terms of the location and the size after the target vanishes.
The amount of this uncertainty is cumbersome for the trackers to handle after the
target appears on the scene again. Hence, “Full Occlusion Dense Search Module
Final PFCNNOcc"has the key contribution to why the PFCNNOcc performs the
best.

o Merged-Target Detection: At the end of the iteration, it detects whether or not
a target is occluded by another vehicle during tracking. After the occlusion
or merged-target condition ends, the discrimination capability of the function,
separating the target from other vehicles on the run, helps the PFCNNOcc to

continue tracking precisely.

All these novel functions lead the final PFCNNOcc to the top of the SOTA in terms of
precision and success scores against all visual problems, and even the Siamese network-
based CNN methods are not able to achieve such high tracking scores. Moreover, the
results of the ablation study prove that “Occlusion Calculator” and “Merged Target
Detection” functions evolve the tracking performance of the PFCNNOcc step by step
to the top of the SOTA trackers. The addition of the background class to the training
dataset positively affects the correctness of class scores that are utilized to update the
weight of particles in the particle filter, as well as the reliability estimation of the state

variables of the tracked target.

Hence, these functions are the contributions of the PFCNNOcc. To the best of
the author’s knowledge, the PFCNNOcc is the first method in the literature, predicting
and utilizing the optical flow and segmentation to estimate the state variables of the

target as well as the occlusion state and degree of it during tracking in UAV videos.
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Based on the contributions and the results obtained in this thesis, new ideas for

future work are determined and itemized as,

o The Evolvement of S-UAV Dataset: The diversity of vehicle models will be in-
creased, and new urban and rural environments and scenarios will be prepared.
And these scenarios will be increased via the application of some transformations
to the vehicles, such as scaling, illumination variation, and rotation. Segmen-
tation masks are currently created based on the vehicle and background. It is
intended to be evolved by considering the type of vehicles, too. Additionally, the
dataset will also include maritime vehicles.

o The Evolvement of the Ground Truth Data of UAV123 Dataset: Segmentation
masks are currently created based on the vehicle and the background. They will
be evolved by considering the type of vehicles too.

e Development of MultiTrack-PFCNNOcc: PFCNNOcc will be redesigned to be
able to detect and track multiple vehicles, simultaneously. Tracking all vehicles
on the scene at the same time will provide the relative position and dynamic
motion of the targets to each other, and this information will provide a chance
to keep track of the occluder and occluded information, as well as the degree of

occlusion during tracking.
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APPENDIX A: THE ALGORITHM TO CREATE THE
OPTICAL FLOW
DATA

First, for each triangle that makes up the vehicle, 2-D position information of six
pixel locations is recorded: three corner points from the video images at time instants
T, and T, .1, along with three additional points determined between the corners. Then,
the operations described in Figure A.1 are applied. Using the pixel locations belonging
to the same triangle in consecutive images, the homography matrix is calculated. The
structure of the homography matrix, the method of projecting the pixels within the
triangles between the images, and the calculation of optical flow are outlined in the

following steps [101]:

o At least four matching points between two images are required to find the homog-
raphy matrix. Hence, the corner points of the triangle, the points between these
corner points and the matrices (3x6), having pixel locations belonging these six
points, V,, and V,,. 1, from two consecutive video images, T}, and T,, 1, have to be

determined to find the homography, H, matrix as

h00 h01 h02 R ol ik
H=1h10 h11 h12|,Va= |y 42 . 28|, H ="V, =V, (A1)
h20 h21 h22 11 1

where h;;’s represent the elements of the matrix at ith row and jth column.
While T and T, refer to the consecutive synthetic vehicle images, generated
with Unity, n is the number of images inside the video sequence, n = 0,1, .., N.
« The position vectors of all pixels, [z ¥, 1] in 3-D coordinates, within the triangle
in the T}, video image, are multiplied and projected by the homography matrix

to calculate the position vectors of the pixels in the 7)., image coordinates,
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[xiw-la yfﬁ—l’ 1] as

93;+1 I;L
yfm-{-l =H y% <A'2)
1 1

where z! and 3’ are the x and y position of all points, 7,7 = 1,2, ..., M, inside
the triangle at time n. And 2!, y.., are the x and y position of all points,
projected to 1,1 image coordinates at time n 4 1, and these points generate a
triangle in the 7, image coordinates.

Subsequently, the position vectors of the pixels transferred to the 7)., image
coordinates are subtracted from the position vectors of the pixels inside the same
triangle in the T,, image, [z, 1], on a pixel basis to find the optical flow vectors

as

HorizontalOptical Flow?, Thoy z’
= (A.3)
VerticalOptical Flow;, Yni1 Y

where HorizontalOptical Flow!, and VerticalOptical Flow!, refers to the optical
flow vector along x and y image coordinates of pixel, ¢, in the triangle. Thus,
while transitioning from the 7}, image to the 7}, image, the amount of horizontal
(x-axis) and vertical (y-axis) movement of all pixels belonging to a triangle that
is part of the vehicle is obtained as the optical flow vector of forward motion, as

shown in Figure A.1.
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APPENDIX B: TRAINING OF CNN MODELS

B.1. Training of the CNN Model for Optical Flow and Occlusion

During training, in advance of the iterations over “Flow Model” and “Occlusion
Model”, the different numbers of features from images are extracted using “Pyramidal
Feature Extractor” with six layers as shown in Figure B.1. The original image tensor of
size 1x3x250x250 (batch size x number of channels x width of image x height of image),
and each layer of the pyramid is constructed by the output of “Double Convolution”
module whose input is the output of previous “Double Convolution” module. Fifth
layer of the pyramid starts with 1x16x125x125, and the dimensions of the features at
the upper layers decreases while the number of channels increases. Hence, “Pyramidal

Feature Extractor” can be defined as an “Encoder”.

When Figure 5.2 is examined, it is evident that the “Flow Model” and “Occlu-
sion Model” share the same sub-modules, apart from their input sections. Unlike the
“Occlusion Model”, the input of the “Flow Model” includes similarity scores, which are
the correlations of the features, extracted through the “Pyramidal Feature Extractor”,
shown in Figure B.1 and warped using estimated forward and backward flow tensors by
the “Cost Volume Computation Model”. After features are extracted at the beginning
of each batch iteration, “Flow and Occlusion Models” are iteratively trained in a loop.
Dimensions of features at the input and the output of the sub-modules are displayed in
a format of batch size x number of channels x D; x D;, where D, represents dimension

of features along x and y axes in image coordinates for the pyramidal level [.
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Figure B.1. Pyramidal feature extractor.

For clarity, one iteration of the training will be considered here. Subindex [
is taken as 0, hence D; is 4 for this layer. After pyramidal features with six layers

are constructed, the feature with 1x196x4x4 tensor in the zeroth layer is fed to the
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“Flow Model” as depicted in Figure B.2. For the zeroth layer, the feature are sent
to “Compute Cost Volume” sub-module. Here, the original features, extracted by
“Pyramidal Feature Extractor”, and the ones, derived by warping the original features
with predicted forward flow (predicted-flow_f) and backward flow (predicted-flow_b)
are correlated to find corr_f and corr_b. As shown in Figure B.2, for the zeroth layer,
flows are initiated with zero tensors whose dimensions are the same as the features of the
zeroth layer. For the other iterations or layers, flows predicted at the end of the iteration
of the previous layer are used after being upsampled with “Upsample2d_as” sub-module
and warped with “Warping Layer”. Before predicted_flow_f and predicted_flow_b are
fed to the “Warping Layer”, their flow vectors along with z and y axes are rescaled
USING Ugeqre aNd Vgeqre parameters depending on the pyramid level of extracted features.
While rescaling predicted flows (predicted_flow_f and predicted_flow_b) from actual
flow size (level=6 (actual, top layer)) into the dimension of predicted flows at lower
pyramidal level, flow vectors are divided with e and vgeqe parameters to align the

magnitude of vectors appropriately depending on the level in pyramid.

Then, 1x115x4x4 tensor is constructed by concatenation of correlated features
of image features, corr_f and corr_b, as outputs of “Compute Cost Volume” sub-
module, rescaled flow tensors, flow_f and flow_b, and image features, iml1_1x1_feat
and im2_1z1_feat, and sent to “Flow Estimator” module, shown in Figure B.3 to
find the residual flows, flow_res_f and flow_res_b, with dimension of 1x2x4x4, and

intermediate outputs, output_intm_f and output_tntm_b, with dimension of 1x563x4x4.

As realized from the outputs of “Flow Estimator” sub-module, it acts as an
encoder because it outputs high level intermediate features. Then residual flow outputs
are added to flow_f and flow_b to create the intermediate flows with the same name,
flow_f and flow_b. All intermediate outputs and flows are then concatenated, and sent
to the “Flow Context Network” module as a tensor with the dimension of 1x565x4x4,

as shown in Figure B.4 | to be decoded into flow_fine_f and flow_fine_b.
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Figure B.4. Flow context network.

"Flow Context Network” acts as a decoder by creating low-level fine optical flow
tensors, flow_fine_f and flow_fine_b, from high-level features. Fine flow tensors are
added to flow_f and flow_b and rescaled to find predicted_flow_f and predicted_flow_b
for this layer. As displayed in Figure B.2, rescaling is applied to increase to magnitude
of the flow vector depending on the level of processed features in the pyramid. With
rescaling, the flow vectors from low levels are aligned with the flow vectors in the actual
pyramid level (level=6). As a final step of the layer, the predicted flows are appended

into “Flows Dictionary” sub-module for storage.
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After forward propagation of all features for each pyramid layer through “Flow
Model”, the final prediction of flows are stored in “Flows Dictionary” until the full
resolution predicted flows of dimension of 1x2x250x250 are found with the application
of “Upsample 2d_as” sub-module and “1/div_flow” sub-module, as a last flow alignment,

at level 6.

In the meantime, to calculate the total flow loss, “Flows Dictionary” is sent to
“Flow Loss” module. For each layer, ground truth flows with full resolution (1x2x250x250),
target_flow_f and target_flow_b are downsampled to the resolution of predicted_flow_f
and predicted_flow_b, (1x2xDyxD;), and then L2 norm or EPE is used to calculate the

loss for that specific layer as

EPE = \/(ta'rget_flow — predicted_flow)?. (B.1)

Total flow loss is derived via the summation of flow loss for each layer by considering

the losses for each resolution of the forward and backward predicted flow vectors.

”Occlusion Model”, shown in Figure B.5, is almost same with “Flow Model”
except that the number of channels in occlusion tensors, occy and occy, (1x1xD;xD;) are
the one, and rescaling sub-modules are not used. That is why no further explanation is
included to explain the forward propagation process of the occlusion detection process

of “Occlusion Model”. Forward propagation of “Flow Model” is also valid for “Occlusion

Model”.



: (TP
Ot o " m
oputintm e
output e f p ‘ /
Gty [ULON0) . predicte] | e
| Outpt 0¢c b ‘ AL occ foce b Sl
Upsampled as A - L4 00
e foce b

00y | @ Upsamptd a5 peictd
d l 01
— E IxLx250¢250
[ pected e

oct foce b
redicted
0ot foce b

ot foee b
1x1xb xd IXDY125¢025 ‘
HEH ije et
o b
ayer<(i 100y
Mrdicted
e f
D000y

Figure B.5. Occlusion model.
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After forward propagation of all features for each pyramid layer through “Occ
Model”, the final prediction of occs, predicted_occ_f and predicted_occ_b of the dimen-

)

sion of 1x1xD;xD; are stored in “Occs Dictionary” until the full resolution predicted
occs of the dimension of 1x1x250x250 are found with the application of “Upsample
2d_as” sub-module. To calculate the total occ loss, “Occs Dictionary” is sent to “Occ
Loss” module. For each layer, ground truth occs with full resolution (1x1x250x250),
target_occ_f and target_occ_b are downsampled to the resolution of predicted_occ_f and
predicted_occ-b, (1x1xD;xD;), and then average F1 score (F'1,,,) is used to calculate
the loss for that specific layer as
truepos = — Z target_occ * log(pred_-occ)
falseney = =Y (1 —target_occ) * log(1 — pred-occ)

denomyye,,, = Z target_occ + Z pred_occ (B.2)

denomyaise,., = > (1 — target_occ) + > (1 — pred_occ)

true, s
Flag = Q[ -

where truep,s and false,., represent the true positive and false negative values, calcu-

)+ Z(M)) * (250 % 250 * 0.5)

denomyyye,,, denom gaise,.,

lated using the ground truth and predicted occlusion maps. Total occ loss is derived
via the summation of occ loss for each layer by considering the losses for each resolution

of the forward and backward predicted occlusion maps.

Then, as a final step of forward propagation, total flow loss and total occlusion
loss (occ loss) are summed to find the total loss corresponding to all layers for each
batch to be able to update the parameters in the “Flow Model” and “Occlusion Model”
simultaneously in terms of both losses. Hence, each model is not trained only by its
own error model, and the total error, a combination of both errors, provides the chance
to update both models in correlation. This process is performed for all images in the

dataset based on the chosen epoch and the number of batches.

"Flow Model” and “Occlusion Model”; trained/fine-tuned using S-UAV dataset
and UAV123 [2], are utilized to extract forward and backward optical flow and occlusion

maps in the PFCNNOcc tracking method, as will be explained in Section 5.3. The same
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models are tailored during tracking in both S-UAV [10] and UAV-123 [2] datasets.

B.2. Training of the CNIN Model for Segmentation

”Segmentation Model” is designed similarly to the U-Net model described in [60],
as shown in Figure B.6. The first part of the model acts as an encoder, extracting fea-
tures by reducing the original image dimensions and increasing the number of channels
until it reaches “Output_5” (2x1024x15x15). Then, in the second part of the model,
the processing of the reduced features concatenated with residual tensors increases the
tensor dimensions to “Output_up-4” (2x64x250x250). Therefore, the second part of
this model acts as a decoder. The final output of the decoder is fed into the “Conv2D”
module to find the “Predicted Mask”, providing predicted segmentation tensors of size
2x2x250x250 with the required number of channels or classes for two-input images.
The number of classes is taken as 2; vehicle and background. The first channel of the
tensor represents the background, and the second channel represents the segmented
pixels of the vehicle. After “Predicted Mask” is separated into “iml Predicted Mask”
and “im2 Predicted Mask” tensors of size 1x2x250x250, the softmax function is applied
to the segmented tensors to create “im1 Softmax Predicted Mask” and “im2 Softmax
Predicted Mask” tensors. The total segmentation loss is calculated by summing cross-
entropy loss and dice loss as

seg_loss = CrossEntropyLoss(predicted_mask, target_mask)

2 % Y (softmax_predicted_mask x one_hot_target_mask)

dice_loss =1 — B.3)

Y- softmaz_predicted_mask + Y- one_hot_target_mask

total_seqg_loss = seg_loss + dice_loss
where cross-entropy loss is found using predicted masks and target masks of input im-
ages in a batch, while dice loss is calculated by tailoring the softmax of predicted masks
and one-hot function of target masks. At the end of forward propagation, to train or
update the parameters in “Segmentation Model”, the total_seg_loss is backpropagated

using the chosen optimizer.
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"Segmentation Model” in Figure B.6, trained using the S-UAV dataset, is utilized
to find masks of segmented vehicles of input images for the PFCNNOcc tracking method
in the S-UAV [10] dataset. Because of the additional features, arose from the types
and shapes of vehicles in UAV-123 [2] real-life dataset, “Segmentation Model” in Figure
B.6 is re-trained to update all learnable parameters using the ground truth dataset of
segmented vehicles of UAV-123, as explained in Section 4.3. The size of the targets in
the UAV 123 dataset [2] varies depending on the sudden scale changes and the altitude
of the UAV, recording the scene during the dataset creation. Even in some scenarios,
the width or the height of the targets is bigger than the size of the ROI, which is
250x250. In some of the scenarios, the target is getting very small compared to the
targets in the S-UAV dataset [10]. Hence, to train the “Segmentation Model” using
the UAV123 dataset effectively, an intense and adaptive data augmentation is applied
to the UAV123 dataset. After reading the size of a target from the ground truth, if its
width and height are smaller than 75 pixels, its image is upscaled by 2. Otherwise, if
the width or the height of the target is bigger than 200 pixels, its image is downscaled
by 2 to be able to fit within the ROI during training and tracking. Moreover, an
additional affine transform, constructed by the combination of rotation, translation,
and scaling, is applied to all images in the dataset. This adaptation of the UAV123
dataset is one of the most important features that increases the success of training,

and adapting the dataset into the “Segmentation Model”.
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B.3. Training of the CNIN Model for Classification

The “Classifier Model” is inspired by the VGG16 model described in [87], and is
shown in Figure B.7. In the beginning of the training of “Classifier Model”; for each
iteration, two images as annol (1x3x224x224) and anno2 (1x3x224x224) are formed by
consecutively cropping and resizing, im1 (1x3x250x250) and im2 (1x3x250x250) using
bounding box ground truth data from the S-UAV dataset [10]. And then annol and
anno? are concatenated to form 2x3x224x224 tensor to be processed by the model. As
understood from Figure B.7, “Classifier Model” acts as an “encoder” until Output_15
(2x512x14x14) is extracted while building high-level features via increasing the number
of channels of features at each level, and decreasing tensor resolution along the width
and height of tensors. Then, Output_19 (2x512x14x14) is max-pooled and linearized
to create Output_20 (2x4096), which has a 1x4096 vector feature for each input image.
At the end of the forward propagation, prediction scores (logits) for five classes (bus,
car, lorry, truck, van) are generated for each bounding box as shown in Figure B.7.
During the training of the model with the UAV dataset [2], the predictions are made
for two classes: 1. car, 2. background. To be able to update all learnable parameters of
the model, the class loss is calculated using cross-entropy between the computed scores
and the actual reference class data (target class). To train or update the parameters
in “Classifier Model”, the class loss is backpropagated using the chosen optimizer at

the end of forward propagation.
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Figure B.7. Classifier model.
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