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ABSTRACT
VISUAL OBJECT TRACKING BY USING DEEP NEURAL NETWORKS

Hasan SARIBAS
Department of Avionics
Eskisehir Technical University, Institute of Graduate Programs, August 2020
Supervisor: Asst. Prof. Dr. Sinem KAHVECIOGLU
(Co-Supervisor: Prof. Dr. Hakan CEVIKALP)

In this thesis, new methods have been proposed to track arbitrary objects. To this
end, first, a novel lightweight two-stream deep learning-based tracker has been developed
to obtain state-of-the-art results on different single object tracking benchmarks. In the
proposed deep learning-based method, both spatial and temporal features are used and a
ranking loss is employed. Using ranking loss term in the optimization function enforces
the neural networks to learn to give higher scores to the candidate regions that better
frame the target than the regions that frame the target object with less accuracy. The
classifier scores received from spatial and temporal networks are fused. The experiments
were conducted on eight different benchmarks. The proposed tracker achieves state-of-
the-art results on most of the tested challenging tracking benchmarks. In addition to a
deep learning-based tracker, a hybrid correlation filter-based tracker has been developed
to detect and track UAVs. To detect the target UAV at the beginning of the tracking and
in the case where the tracked UAV has been lost, the deep learning based YOLOv3
detector has been used. A kernelized correlation filter has been used to track detected
target UAVs in real-time. Combining the detector and tracker provides high accuracy and
real-time performance even on onboard computers. A new dataset called as UAV
Tracking has been created to train the YOLOV3 detector and test the proposed method.
The proposed method achieves state-of-the-art performances on created UAV Tracking

dataset. Finally, the proposed method has been generalized for general tracking.

Keywords: Object tracking, Deep learning, Ranking loss, Correlation filter, Unmanned

aerial vehicles.
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OZET
DERIN SINiR AGLARI KULLANILARAK GORSEL NESNE TAKIBI

Hasan SARIBAS
Havacilik Elektrik ve Elektronigi Anabilim Dali
Eskisehir Teknik Universitesi, Lisansiistii Egitim Enstitiisii, Agustos 2020
Danigman: Dr. Ogr. Uyesi Sinem KAHVECIOGLU
Ikinci Danisman: Prof. Dr. Hakan CEVIKALP

Bu tezde, nesne takibi igin yeni ydntemler dnerilmistir. I1k olarak, farkli nesne takip
veri setlerinde en 1yi sonuglar1 elde edebilmek icin derin 6grenme tabanl 2 akish kiiclik
mimariye sahip bir yontem onerilmistir. Onerilen yontemde iki akisl bir yapay sinir ag
ile hem uzamsal hem de zamansal bilgilerden yararlanilmis ve de ranking loss fonksiyonu
kullanilmistir. Onerilen ranking loss optimizasyon fonksiyonu ile sinir aglar1 hedef
nesneyi daha iyi gevreleyen bolgelere daha yiiksek skor vermeyi 6grenir. Uzamsal ve
zamansal sinir aglarindan gelen skorlar birlestirilir. Onerilen ydntem test edilen nesne
takip veri setlerinin ¢gogunda en iyi sonuglar1 elde etmistir. Derin 6grenme tabanh
yonteme ek olarak, Insansiz hava araclarmin (IHA) tespit ve takibi igin ilinti filtresi
tabanli hibrit bir yontem 6nerilmistir. IHA’larm ilk framede ve takipginin basarisiz
oldugu durumlarda tespit edilmesi i¢in derin 6grenme tabanli YOLOV3 nesne tespit
yontemi kullamlmustir. {HA’larin gergek zamanli olarak takip edilmesi icin ise
Cekirdeklesmis Ilinti Filtresi kullanilmistir. Nesne tespit ve takip yontemlerinin birlikte
kullanilmasuyla, tek kart bilgisayarlarda bile ger¢ek zamanli ¢alisabilen yiiksek dogruluga
sahip yontem gelistirilmistir. YOLOV3 nesne tespit yonteminin egitilmesi ve Onerilen
yontemin test edilmesi igin UAV Tracking adinda yeni bir nesne takip veri seti
olusturulmustur. Onerilen yontem bu veri set iizerinde en iyi sonuglar1 elde etmistir. Son

olarak, dnerilen yontem genel nesne takibi i¢in genellestirilmistir.

Anahtar Sézciikler: Nesne takibi, Derin 6grenme, Ranking loss, Ilinti filtresi, insansiz

hava araglari.
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1. INTRODUCTION

This thesis is focused on tracking the objects in images captured by unmanned aerial
vehicles (UAVs). To this end, two different trackers, deep learning-based and CF-based,
have been proposed. The goal of visual object tracking is to track an unknown object,
which is specified in the initial frame mostly by a bounding box, in the successive frames.
It is one of the computer vision’s most widely studied problems and has many
applications in many areas such as robotics, surveillance, activity and video analysis,
human-machine interactions, etc. Despite considerable research efforts, tracking of the
objects remains a challenging problem as target objects often undergo significant changes
in appearance due to abrupt motion, occlusion, deformation, cluttered background and
pose variation. Moreover, abrupt and severe changes in illumination as well as presence
of similar objects around the object being tracked make the problem even more difficult.
The main challenge arises from the fact that only the target object’s bounding box is
known in the first frame and generally no other prior knowledge or appearance model is
available. The tracker has to adapt to all variations of the tracked object in the subsequent
frames using a very limited information; thus, most methods easily drift away from the

target object.

To compare with other state-of-the-art trackers, a general object tracking algorithm
has been proposed. The proposed methods have also been tested on visual object tracking
benchmarks which consisted of images captured by UAVs. The proposed convolutional
neural network (CNN) based approach achieved state-of-the-art performances on
different tracking benchmarks however, it does not run in real-time due to high
computational complexity. To overcome this problem, a new correlation filter (CF) based

method that can run in real-time has also been developed.

1.1. Motivation and Contributions

Deep learning-based trackers generally draw positive and negative samples around
the estimated target location based on Intersection over Union (/oU) ratio and the model
is trained by using these samples. To estimate the target location in the new frame,
candidate samples are drawn around the estimated target position in the previous frame
and the sample with the highest score is determined as the new location of the target. As
a typical rule, when the JoU of the samples to be used to update the model are greater

than 70%, they are selected as positive samples, while they are selected as negative



samples if the JoU of the samples are smaller than 30%. Generally, this sample selection
strategy is not a good since it does not encourage achievement of sharper and more precise
target localization. As a result, the learned model and the classifier are affected even by
slight inaccuracies, and the trackers gradually drift and eventually fail to track the target
object. On the other hand, the success of CFs is mostly due to the precise localization of
the target center, but they are incapable of adapting to aspect ratio changes. This is owing
to the efficient and approximate dense sampling performed by circularly shifting training
samples. Because the circular shifts correspond to the actual translation of the target
object location, this approach works well with homogeneous backgrounds and a generally
stable target object. However, in addition to these boundary effects, a major problem with
the CF-based trackers is their inability to estimate aspect ratios of the target object
bounding boxes (To the best of our knowledge, [1] has used different CFs for the corners
of the target object to address this problem). As a result, despite the precise localization
of the target center, the rotating bounding box of the target object fails to be satisfactory,

especially in the case of abrupt aspect ratio changes.

In this thesis, two different trackers, deep learning-based and CF-based, have been
proposed to solve these problems. Deep learning-based approach has been employed to
achieve state-of-the-art performance and CF-based approach to run in real-time onboard

within the UAV.

The proposed lightweight two-stream deep learning-based tracker uses both spatial
and temporal features. This tracker not only estimates the location of the target object but
also fine-tunes the location and returns more precise bounding boxes that frame the target
object by using a novel classification loss as well as simple but effective model update
strategies during tracking. In more detail, the newly developed loss function consists of
two terms: classical hinge loss and ranking loss. The hinge loss separates the positive
sample instances from the negative sample instances, while the ranking loss returns a
more precise location of the target object. [2] has shown that the ranking loss also
improves accuracy in the object detection problem as expected. Besides, the ranking loss
part can be interpreted as the distance similarity metric learning used in Siamese
networks. In addition to the loss function, a simple yet effective update rule, which is
different from the state-of-the-art tracker MDNet (Multi-Domain Convolutional Neural

Network Tracker) [3], has been developed in the proposed method. During the online



tracking stage, two different models have been defined: a current model which is
constantly updated and a cache model which is updated only at regular intervals. The
current model is updated when scores of both the current model and the cache model are
larger than the predefined threshold. The cache model is updated when there is a sample
with a successful score at every 10 frames. This strategy is different from the updating
strategy of the MDNet where the model is updated only at some pre-defined intervals
(short-term and long-term) or whenever potential tracking errors are detected. The
experiments have shown that both proposed novel loss term and updating strategy
improve tracking accuracy and robustness under challenging conditions such as

scale/aspect ratio changes, appearance changes.

Briefly, the contributions of the thesis to deep learning-based tracker can be

outlined as follows:

e A novel lightweight two-stream deep learning-based method that uses both

appearance and motion information for object tracking is introduced.

e The proposed approach employs a novel ranking loss function, which forces the
tracker to return more precise bounding boxes that frame the target, to

successfully adapt to scale/aspect ratio and appearance changes in target object.
e A cache model is employed to increase robustness performance under occlusion.

e A new update strategy that is compatible with the proposed ranking loss function

is proposed.

In addition to deep learning-based tracker, a CF-based hybrid method is presented
for tracking objects in the images captured by UAVs. This approach follows a tracking
by detection strategy. YOLOV3 (You Only Look Once) and YOLOvV3-Tiny [4] models,
which provide one of the best trade-offs between speed and accuracy in the literature, are
used to detect the target object in the beginning and in case the tracked target is lost. A
kernelized correlation filter (KCF) [5] is utilized to track this detected target object in
real-time. Combining these two approaches ensures high speed and accuracy even on
onboard computers such as JetsonTX2. The experiments have shown that the proposed
CF-based hybrid trackers obtained state-of-the-art performance compared to real-time

trackers on different datasets.



In the following sections, firstly, related works for a single object tracking are
reviewed. The methodologies are given in the third section, and proposed components are
discussed in this section. In the fourth section, we conduct experiments, compare our
approaches with other state-of-the-art trackers, and we also discuss improvements of our
proposed approaches. Finally, evaluation of the results of different proposed trackers is

given in the conclusion section.



2. RELATED WORK

Earlier visual object tracking studies typically belong to one of two categories:
generative trackers and discriminative trackers. Generative tracking methods are built
based on the assumption that target appearances can be represented by using generative
models; therefore, these approaches search for the target regions that best fit those
generative models around the previous location of the target object. Some representative
methods employ dictionary learning [6], subspace learning [7, 8], density estimation [9,
10], regression networks [11], and sparse representation [8, 12, 13]. On the opposite,
discriminative methods address the problem as binary classification and learn a classifier
to separate the target object from the background. To this end, various classifier
approaches such as online boosting [14], ensemble of classifiers [15, 16], linear support

vector machine (SVM) [17], and multiple instance learning [ 18] were used.

Discriminative methods have higher accuracy scores compared to generative
methods. However, they also have weaknesses such as slow runtime, ability to track only
target objects for which they were trained, failure to recognize the target object in case of
appearance changes unless the model is updated compared. A more complete list of

previous single object tracking methods and comparisons are presented in [19, 20].

Most of the state-of-the-art object tracking studies carried out in recent years can
be roughly categorized under three groups: Deep learning-based trackers, Siamese

network-based trackers and correlation filter-based trackers.

2.1. Deep Learning-Based Trackers

CNN based trackers usually use lightweight deep neural networks as given in [3,
15, 18, 21-24] because the last layers of large CNNs are more effective in capturing
semantics. Hence, they are suitable for object classification and detection problems but
not for tracking problem. The earlier layers of CNNs are more sensitive in capturing
spatial details which are more important for object tracking problem. In addition, small
networks are required because of speed issues. At online updating stage, updating
parameters of large networks are slow since there are many parameters that cannot be
performed in real-time for tracking. Therefore, the usage of small networks is more
common in object tracking problem. Generally, both small and large networks update
either a few last layers or the last classifier layers of the network during online learning

stage for the sake of computational efficiency.
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Figure 2.1. MDNet architecture [3]

Nam and Han (MDNet) [3] were inspired by R-CNN (Regions with CNN
Networks) [25], which is an object detection algorithm, to solve object tracking problem.
Figure 2.1 illustrates the architecture of MDNet which is a very well-known deep
learning-based tracker. They filled in the gap between detection and tracking using a
multi-domain network in the last classification layer during offline training process. This
layer provides a class agnostic structure since it creates a domain-specific classifier which
changes according to video number. It uses part of VGG-M (Visual Geometry Group)
[26] network which consists of 3 convolutional layers and 3 classification layers. This
approach includes offline and online training stages. In the offline training stage, positive
and negative samples are chosen around the ground-truth from the input image consistent
with JoU between ground-truth and selected samples. These samples are cropped from
the input image and reshaped to 107x107 size then classified using domains specific
layers. In the online learning, positive and negative samples are again chosen around
ground-truth of the first frame and only fully connected layers of pre-trained network are
trained. In addition to initial training, long-term and short-term updates were also used in
this approach. This architecture is also used as a baseline in this thesis. Real-Time MDNet
[27], which is a fast version of MDNet tracker, proposed real-time object tracking method
inspired by Fast R-CNN [28] object detection method which uses accelerating feature
extraction procedure. This method improved the RoiAlign technique and discriminative
embedding loss, thus allowing more discriminative features for object classification to be
learned. A stacked denoising auto-encoder was used by one of the earliest deep learning-

based trackers [29] to learn generic image features as auxiliary data from a large dataset,
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and then learned features were transferred to online object tracking. In offline stage, Wang
et al. [30] pre-trained a large CNN layers, and transferred the learned features to the online
tracking as in [29]. Hong et al. [31] used CNN layers and SVMs to learn target-specific
saliency maps. Li et al. [32] developed an online learning strategy based on a CNN using

multiple image cues.

2.2. Correlation Filter-Based Trackers

On the other hand, CF-based trackers learn a filter to locate the target object
accurately in consecutive frames by solving computationally efficient ridge regression
problem in the Fourier frequency domain. In the new frame, the learned correlation filter
is applied to Region of Interest (ROI) that generally chooses around 2 or 3 times larger
than bounding boxes of the target object, and the maximum correlation filter response is
used to determine the location of the target object. Correlation filter-based trackers are
extremely fast compared to the deep learning-based trackers because the problem is
solved in the frequency domain. Earlier CF-based trackers used hand-crafted histogram
of oriented gradients (HOG) [5], color histograms [21], color names [33] or gray levels
features. Then studies [34, 35] utilized pre-trained CNN features to improve accuracy. In
the last few years, most techniques [36-38] based on correlation filters employed new
architecture which can learn both correlation filters and CNN features. In object tracking,
the first competitive results have been obtained with CF by MOSSE (Minimum Output
Sum of Squared Error) [23] tracker which uses the minimum output of squared error to
solve the problem. Figure 2.2 shows examples of correlation filter-based techniques that
use different formulations to obtain the correlation filter. As seen in the figure, the filter
and the output of the MOSSE filter are more robust than other trackers including Naive,
UMACE, and ASEF filters. Kernelized correlation filter [5] has been proposed using
circulant matrices and multi-channel features. Danelljan et al. [39] proposed a theoretical
formulation which enables the integration of multi-resolution deep feature maps into the
correlation filter-based trackers to learn discriminative convolutional operators. The
formulation achieved high accuracy scores but was not as fast as other CF-based trackers.
To solve speed issue efficiently convolution operators (ECO) have been further improved

by introduction of factorized convolutional operators in [24].
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Figure 2.2. Comparison of correlation filters [23]

In the Visual Object Tracking 2017 (VOT-2017) [40] challenge, the winner
algorithm [38] utilized a ROI based pooling operation in the correlation filters. Wang et
al. [41] introduced an unsupervised tracking algorithm based on forward-backward
trajectory analysis to improve the object tracking accuracy. Xu et al. [42] introduced a
new group feature selection (GFS) method to reduce both spatial and channel dimensions.
Dai et al. [43] introduced adaptive spatially regularized CFs (ASRCF) to learn an
effective spatial weight for a specific object. Huang et al. [44] proposed a novel
discriminative correlation filter approach capable of effectively and -efficiently
eliminating aberrances to solve undesired boundary effects. In addition to these CF
trackers, different CF methods have been proposed to increase tracking accuracy and

robustness can be accessed in [45, 46].

2.3. Siamese Based Trackers

In addition to deep learning-based approaches which used detection by tracking,
and CF-based approaches, some studies formulated object tracking problem as a one-shot
detection task [22, 47, 48]. Tao et al. [47] introduced the first Siamese based object tracker
which simply finds the target object in the following frames using a matching function

which was learned from large datasets such as ILSVRC 2015 (ImageNet Large Scale



Visual Recognition Competition) [22] proposed a fully-convolutional Siamese (SiamFC)
network to track arbitrary objects using similarity learning. Figure 2.3 shows that SiamFC
architecture is fully-convolutional with respect to the candidate image x. This network
was trained to learn embedded function using positive and negative image pairs on a large

dataset.
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Figure 2.3. Fully-convolutional Siamese network for object tracking [22]

This method learns a similarity metric using only the first frame and does not have
the ability to update this metric in the next frames during tracking thus it is capable of
real-time tracking. To solve updating similarity metric, Wang et al. [48] and Guo et al.
[49] proposed novel Siamese-based approaches. Initially, Siamese-based trackers were
not capable of adapting to aspect ratio changes. SiamRPN [50] used region proposal
networks (RPN) in object tracking to adapt aspect ratios changes when determining the
location of target objects in the candidate image. To reduce the model size and to improve
accuracy and robustness, SiamRPN++ [51] introduced a layer-wise feature aggregation
structure. Fan and Ling [52] employed cascaded RPN and hard negative sampling process
instead of one-stage RPN to solve the data imbalance problem in RPN. GradNet [53]
proposed a novel gradient-guided network in object tracking to increase adaptation ability
and avoid over-fitting. SiamMask [54] proposed a novel Siamese-based architecture for
both object tracking and segmentation problems simultaneously using a multi-task
learning approach. To improve accuracy, Choi et al. [55] proposed a novel meta-learner
by adding target aware feature space for tracking. SPM-tracker [56] utilized a two-stage
series-parallel matching where fine and coarse matching (FM-CM) stages increase the

discriminative power and robustness of Siamese trackers.
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Figure 2.4. Overview of ATOM tracker architecture [57]

In more recent years, ATOM [57] addressed two different components of the object
tracking problem: estimation module and classification module. It used the discriminative
correlation filter (DCF) and Intersection over Union network (IoU-Net) for classification
and estimation, respectively. Figure 2.4 shows the overview of ATOM tracker network,
the blue blocks, which are the target estimation module, are trained offline on large scale
datasets and the green block, which is the classification module, is trained online. The
winner of the VOT 2019 [58] short-term challenge integrated ATOM and SiamMask
trackers to obtain high accuracy. Bhat et al. [59] introduced DiMP (Discriminative Model
Prediction) tracker. DiMP used both estimation and classification modules to increase
robustness performances of the trackers. It also developed a target model prediction
mechanism which is derived from a discriminative learning loss to obtain the best target
model using previous models. Figure 2.5 shows the overview of DiMP tracker
classification module network. The architecture of this method is trained offline in end-
to-end manner. Huang et al. [60] developed a first general framework for object tracking
approach on deep learning-based detectors using a target-guidance module and a meta-

learner to bridge the gap between detection and tracking.
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Video frames consist of spatial and temporal information. To the best of our
knowledge, generally, deep learning-based trackers have been used spatial features,
which are obtained from RGB channel in video frames, for object tracking. Both spatial
and temporal features have been widely utilized by [61-65] for action recognition and
detection problems. Simonyan and Zisserman [61] used a two-stream CNN network that
employs both RGB and optical flow frames to achieve high performance in action
recognition. Similarly, for action localization, [62] fused spatial and motion CNN features
and [63] used a two-stream 3D CNN features extracted from optical flow and RGB
networks. [64] utilized spatial-temporal features to learn similarities between video
streams. Inspired by their success in action localization and recognition problems, some
recent tracking methods [66-70] have begun to utilize the spatial-temporal features.
However, as we do not have access to all video frames during online object tracking, this
is not as straightforward as is in action recognition. In object tracking, we have some
disadvantages; we only have access to the previous frames from the current frame and
some tracking videos do not have any motion. As a result, special attention must be given
to integration of spatial and motion information during online tracking. As a matter of
fact, temporal information is mostly useful under several factors such as illumination
variations, out-of-plane rotations, and appearance changes in object tracking. If the target
object is moving in video stream, motion information also helps. In the context of
tracking, [66] fused hand-crafted, deep RGB, and deep motion (optical flow) features in
a tracking-by-detection framework to show that deep motion features increased the
tracking performance. FlowTrack [67] developed an end-to-end flow discriminative
correlation filter-based tracking method using a novel spatial-temporal attention
mechanism to improve tracking accuracy and the feature representation. [68] introduced

a novel deep architecture that incorporates global and local, spatial and temporal
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information of the target object to obtain high-performance tracking results. Also, a
temporal network using an online tuple learning process is proposed to solve the drifting
problem in [68]. Gao et al. [69] proposed Siamese based end-to-end spatial-temporal

graph convolutional tracking (GCT) framework for object tracking.
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3. METHOD

Two different methods have been proposed for object tracking within the scope of
the thesis. The first one is the deep learning-based method which is developed for general
single object tracking applications. This approach shows state-of-the-art performance but
is slow. This deep learning-based method runs at ~3-4 FPS on a single 16 GB Quadro
P5000 GPU server. Because of the speed problem, it is not possible to operate on
unmanned aerial vehicles in real-time. The second one is a real-time method that can run
on the Jetson TX2 onboard computer, can be integrated within an unmanned aerial

vehicle. Details of both methods are given below.

3.1. Deep Learning-Based Method

Video sequences include spatial and temporal information. In the video frames, the
spatial component given in the form of individual frames carries information about the
scenes and appearances of objects. On the other hand, the temporal component given in
the form of motion over the frames captures object movement. To take the advantage of
both spatial and temporal information, the thesis proposes a lightweight two-stream deep
learning-based tracker for object tracking. In the proposed architecture, the spatial
network (RGB Network) employs RGB frames to capture the appearance of the target
object, while the temporal network (Optical Flow Network) employs optical flow features

to capture the motion of the target object.

The x and y components of the motion vectors are fed to the optical flow network
input by stacking, and these values are converted linearly to integers between 0 and 255.
Both RGB and Optical Flow networks are structurally the same, and each network
consists of 3 convolutional layers and 3 fully connected layers. The classification scores
that come from the two streams are fused for final inference at a late stage of the network.
To classify candidate samples, we propose a new classification loss function as opposed
to the classic soft-max loss used in many deep neural networks. The proposed loss
function is more robust to potential drifts from the target objects and more suitable for

object tracking.
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The MDNet architecture is used as a baseline. Our one stream network contains 3
convolutional (convi-3) layers which are the first three layers of VGG-M network (shared
layers) followed by 3 fully connected (fc4-6) layers.

Table 3.1 indicates the proposed tracking algorithm during online tracking stage.
Especially, this algorithm focused on the proposed online updating rule and usage of the
active and cache models. In this algorithm, ¢ is the frame number, x; denotes the location

of the target at ¢ th frame, f{x,) is the classifier score of the x; location.

Table 3.1. Algorithm of the proposed tracker

Algorithm
1: Around x; S; (positive), ST (negative), SF (ranking) samples are selected
2: Determine the active and cache model.
3: Update {fc4, fc5, fc6} using S7, ST, SR
4. Repeat
5: Determine the candidate bounding boxes xét'tempoml).
6: [ /Xt temporary) X(ttemporany] = find(max(f{ (x(it,temporal))))-
7. Determine the local candidate bounding boxes x(it,local) very close to X (¢ temporat)-
8: [(Xt10cary) X(tiocan] = ind(max(fxt, iocar))-
9: it f(x10cary) > J(X(t,temporar)) then
10: Xt = X(t1ocal)-
11 J(x) =[xt pocary)-
12: else
13: Xt = X(t,temporal)-
14 J(xe) = (Xt temporar)-
15: if f(x,) > (Threshold) then
16: Update {fc4, fc5, fc6) using S, Sy, SK.
17: else if f(x,) <0 then
18: Update {fc4, fc5, fc6} using Cache model.
19: if mod(t,10) == 0 && f(x,) > 0 then
20: Update cache model.
21: if f(x,) <-0.5 then
22: X = Xp_q-
23: t=t+1.

24:  Until (end of the video sequence)

14



For offline learning stage, the same strategy is utilized as in MDNet. In more detail,
to provide class-agnostic classification, we treat each training video stream as a different
domain and train the network with K branches of training videos - the domain-specific
layers. To this end, the method uses the same network which consists of the first three
convolutional layers and 2 fully connected layers for each video sequence in the offline
training stage, however, the last fully connected layer (fc6) changes in each video
sequence. In online tracking stage, we employed only shared layers (convi-3) which are
pre-trained in offline learning and also used a completely different model update strategy

compared to MDNet.

We will start by explaining the CNNs, then the proposed new loss function before
we describe the overall tracking stages with the fusion strategies that are employed to
combine two-stream networks. This will be followed by a description of the model update
tricks used during online tracking. Finally, we will explain how to set the parameters of

the proposed deep neural network architecture.

3.1.1. Convolutional neural networks (CNN5s)

CNNs generally contain a sequence of different layers including convolutional
(conv) layer, pooling (pool) layer and fully connected (fc) layer and rectified linear unit
(ReLU). conv and fc layers have parameters, while the other layers have no parameters.

Figure 3.1 shows a simple CNNs architecture.

RELU RELU  RELU RELU| RELU RELU
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l
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Figure 3.1. The overview of the tiny VGG Net architecture [71]
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3.1.1.1. Convolutional layer

The conv layer having most of the parameters of the network, is the main building
block of the CNNs. The parameters of the conv layer contain a set of learnable filters.
These filters extend across the full depth of the input volume, but they have small width
and height. Using this operation, different features are obtained from the input matrix. To
this end, we slide filters across the width and height of the input matrix. Stride determines
how the filter convolves across the input volume. Stride is also directly related to the
output volume, for example when we use stride 1, the output and input volume will be of

the same size. If the stride increases, the output volume reduces.

Input Volume: (7x7)

Filter W: (3x3) Output Volume: (3x3)

0 2 3 1

o0 11 L2 g
000 1120 Bias (1x1)

0 0 0 0 0 0 O 1

Figure 3.2. 2D Convolutional operation
Output volume is calculated by using the equation (3.1).
W —F+2P (3.1
Output Volume = —————+1

S

where W is the input volume size, P is the padding, F' is the filter size and S is the stride.

For Figure 3.2 above, for a 5x5 input and a 3x3 filter with stride 2 and padding 1, we

would get a 3x3 output volume (@ +1).

3.1.1.2. Pooling layer

Generally, pool layer is inserted between two convolutional layers. Its function is
to gradually reduce the spatial size of the representation to reduce the number of
parameters and calculations in the network and thereby control overfitting. This layer
operates independently in each depth segment of the input and resizes it spatially using
Average and Max operations. Figure 3.3 shows the Max and Average pooling operations

for the given input. In this figure, the input volume of size 4x4 is pooled with filter size 2
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and stride 2 into output volume of size 2x2. In this operation, the input volume is

downsampled; however, the depth is preserved.

Max Pooling

Input Volume: (4x4) .. ﬁ

"""""""" Average Pooling

Figure 3.3. Average and Max pooling operations

3.1.1.3. Fully connected layer

The fc layer consists of a series of neurons, which are fully connected to all neurons
in the previous layer as in classical neural networks. In a single layer, the neurons operate
entirely independently and do not share any connections. The last fc layer is the output
layer of CNNs and it represents output scores. Figure 3.4 indicates typical fully connected
neurons for fc layers. The two neurons in the last layer represent the outputs of the neural

networks.

Figure 3.4. fc layers

3.1.1.4. Activation functions

By using Y = );(Weight * inputs + bias) formulation, artificial neurons
calculate a weighted sum of its inputs and add a bias. The range of output values of the
neurons change from (-o0) to (). The neural network uses activation functions such as
step function, sigmoid function, hyperbolic tangent (tanh) function and rectified linear
unit function (ReLU) function to limit or activate this output as it happens in the brain.

Table 3.2 shows the properties of several activation functions.
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Table 3.2. Equations and plots of activation functions

Function name Equation Plot
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3.1.2. Robust ranking loss

The deep learning classifier aims to find the best location of the target in the given
video frame. Existing deep learning-based object tracking algorithms select positive and
negative samples considering the /oU ratios around the estimated location of the target
object and update the model using these samples. To update the model, samples with loU
ratios greater than 70% are selected as positive, and samples with ratios smaller than 50%
to 30% are selected as negative. This method is not a suitable strategy to determine the
target's location precisely and sensitively; therefore, the drift occurs between the target
and the estimated location and the positive and negative samples selected around this
drifted location are considered correct. Then the model is trained again using these
incorrect samples, and the tracker fails gradually. In addition to these positive and

negative samples, ranking samples are selected considering loU ratios.

3.1.2.1. Intersection over union
In the Figure 3.5, the ground-truth bounding box is drawn in red and the predicted

bounding box is drawn in blue. The /oU also is known as the Jaccard index and calculated

. . l .
by using the formulation, IoU = w. In our figure, the area of overlap is
Area of Union

shown in blue and area of union in yellow.

Figure 3.5. Intersection over Union (loU)

These ratios play a crucial role in our loss function and /oU ratio is calculated using

equation (3.2).
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In (3.2), B; and By, (i = 1,...,n) represent the estimated location and ground-truth

of the i th frame, respectively.

Let x;, (i = 1,...,n) represent the visual feature of a sampled region during online
tracking and y; € {—1, 1} is the corresponding label. Our method utilizes the following

loss function,

ny
A
min, S tracew™w) + Y LIV W %y = WPaip) + K Y Hy (i(w'x,))
2 1 (3.3)

\ J \ J \ J
Y Y Y

n

r=1 i

Regularization Ranking Loss Hinge Loss

where H, (t) = max (0,1 — t) is the classical hinge loss, L(.) is a weighting function for

different ranks and A and « are the parameters that must be set by the user.

In the optimization equation (3.3), the first term is the regularization term and
various regularization methods have already been implemented in deep learning
frameworks such as Pytorch, Tensorflow. Therefore, we will focus on the second and

third terms in equation (3.3).

The last loss term in (3.3), which is the classical hinge loss, goals to separate the
positive samples from the negatives, and this term ensures that the resulting classifier
returns positive scores (> 1) for the positive samples and negative scores (< —1) for the
negative ones. In fact, this term along with the first term in the optimization just
implements a linear SVM classifier, and it is better suited for object tracking settings
where there are very limited training samples. As given in the experiments, the tracker
with the classifier using the first and the last terms performs even slightly better than
MDNet which uses soft-max loss. This is quite natural since soft-max classifier is a
probabilistic and nonlinear function which needs many training samples. The similar
findings are obtained in [59], where the authors achieve better accuracies with linear SVM
compared to soft-max classifier in the context of visual object detection. For labeling, the
samples with JoU ratios greater than 0.7 are regarded as positive samples, and samples

with JoU ratios smaller than 0.3 are treated as negative samples.
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The second term in (3.3) is the major novelty in the proposed loss function, and it
is specifically introduced for online object tracking. The main goal of this term is to
ensure that the classifier gives higher scores to sampled regions that frame the target
object better. To this end, the samples, with loU ratios larger than or equal to 0.1 are used.
As illustrated in Figure 3.6, randomly pairs are selected and the ones with a difference
between loU ratios greater than or equal to 0.4 are used. x,.; is the visual feature of the
region that frames the target object better, and x,, is the visual feature of the region that
frames the object with less accuracy. If the score difference (W7 x,; — w'x,,) is larger
than 1, there is no loss; otherwise there exists a cost determined by L(.). To compute L(.),

the following formula is used,

L(r) = [1oU(xy1) = ToU(xr2)]y (3.4

where loU(x,) represents loU ratio of the sample x,.4, and y is a parameter that must be
set by the user. Thus, L(7) value can be between 0.4y and 0.9y. It is observed that selecting
hard x,, examples (extracted from the regions that frame the tracked object with less
accuracy) with high confidence scores improves overall accuracy around 1%. In each
frame, the classifier learns to give higher scores for the sampled regions that frame the
target object better since the classifier produces the highest score for the best target
position. As a result, tracking failures caused by accumulation of errors due to the small
drifts are largely reduced. There are other advantages of using this loss term: Although
the context information is not aimed to be used directly, this term also takes advantage of
context information since the samples with /oU ratios between 0.1 and 0.3 include regions
mainly coming from the background. The proposed loss term can also be interpreted as a
more systematic way of using distance learning controlled by the L(.) function. Therefore,
the proposed tracker can also be regarded as a more advanced and specialized Siamese

network tracker.
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Figure 3.6. Visualization of Ranking Loss and Hinge Loss Functions

3.1.2.2. Hard ranking mining

Lastly, we would like to point out that similar procedures are used to improve the
visual classification accuracy of deep neural networks through surrogate tasks by learning
to solve jigsaw puzzles [72] or to sort sequences [73]. For example, in jigsaw puzzle
solving, the image is divided into square patches in a grid, which are permuted randomly.
Then, the task is to find the correct permutation that is going to restore the image. Samples
of ranking pairs with high /oU ratios are sorted from the lowest to highest score, and in
the opposite, samples of ranking pairs with low loU ratios are sorted from the highest to
lowest score. In other words, the ranking pairs were not matched randomly, and the loss
was calculated between low-scoring samples with high /oU ratios and high-scoring
samples with low /oU ratios. In this way, ranking samples were used more beneficially,
and the performance of the method was improved as shown in the experiment. Table 3.3
shows 6 randomly selected ranking pairs and ranking loss are calculated only for 2" and

5" pairs.

Table 3.3. Samples are selected randomly

IoUn IoUL  Scoresm  ScoresL Ranking Loss
0.9 0.14 3.2 2.1 -
0.7 0.25 2.8 3.0 +
0.8 0.42 1.5 0.1 -

0.74  0.18 4.2 0.53 -

0.79  0.33 1.7 1.4 +

0.84  0.38 4.5 3.4 -
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Then, by applying hard ranking mining (Table 3.4), ranking samples are sorted by scores

and the hard-ranking mining loss was calculated using three different pairs.

Table 3.4. Samples sorted considering scores (applied hard ranking mining)

IoUuy IoUr  Scoresn ScoresL Hard Ranking Loss

0.8 0.38 1.5 34 +
0.79 0.25 1.7 3.0 +
0.7 0.14 2.8 2.1 +
0.9 0.33 3.2 1.4 -
0.74  0.18 4.2 0.53 -
0.84 042 4.5 0.1 -

3.1.3. Optical flow

In general, the spatial information of the target object is used while tracking the
object in video streams. In addition to this spatial information, as new frames are captured
in the video streams, temporal information of the target object can be obtained using the
previous frames. Optical flow or 3D-CNNs are generally employed to extract temporal
(motion) features. 3D-CNNs are usually applied to video classification and action
classification problems using stacked previous frames. However, due to the high
computational cost of 3D-CNNs, we used optical flow to extract motion features. Optical
flow calculates displacements of objects between consecutive frames. More precisely,
optical flow determines the difference between the two frames by processing pixel wise
and determines the displacement of pixels in two dimensions (x, y). In video frames, the
optical flow produces meaningful features only if the target object is displaced; otherwise,
it produces meaningless features. When the camera is moving the optical flows will be
observed across the image; hence, the optical network will produce meaningless features.
To utilize both spatial and temporal information, a two-stream architecture for object
tracking was presented. While one network employs RGB frames to capture the target
object, the other network employs optical flows to capture the motion of the target object.
To calculate optical flows, the popular optical flow method [74] was used. Optical flow
input is given as a 2-dimensional image by stacking the x-component and y-component
of the motion vectors, and these values were linearly rescaled to integers between [0,

255]. Figure 3.7 shows some successful and failed examples of optical flows.
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Figure 3.7. Optical flow examples

3.1.4. Fusion strategies for combining two-stream network

We propose two different strategies to combine two-stream networks: feature
fusion (early fusion) and classifier output fusion (late fusion).

3.1.4.1. Feature fusion (early fusion)

We first employed the feature level early fusion method and simply concatenated
4608-dimensional RGB and optical flow CNN network features and then learned the

classifier weights by using this combined representation as shown in Figure 3.8.
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However, this strategy did not make any improvement over the single-stream method
using only the RGB network. This is due to the fact that there was no movement in some
video streams; therefore, the optical flow network did not produce any sensible output
due to lack of motion. Therefore, when these insensible optical flow features were

combined with RGB network features, they also reduced overall accuracy.

RGB Network

Figure 3.8. Feature fusion (Early fusion)

3.1.4.2. Classifier score fusion (late fusion)
As a second method, we decided to fuse classifier scores coming from the two

networks. To fuse classifier outputs, we considered two approaches.

Average score fusion: In the first approach called RankingAF, we simply added classifier
scores without introducing any weight. The designed network is shown in Figure 3.9.

Experiments have shown that this strategy improves the performance of the method.
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Figure 3.9. Average score fusion

Weighted score fusion: In the second approach called RankingSF, we learned class-
specific weights by a layer in the network, then we used weighted sum of the classification
scores for inference as illustrated in Figure 3.10. To achieve this, an end-to-end manner
learnable network was designed to fuse scores using a layer with 2 parameters (w, and
wy). Let S, and S, represent the classifier scores coming from RGB (appearance) and
motion networks, respectively, and w, and w, be the corresponding class-specific

weights that will be learned by the network. The total score is given as,

S = w,Sq + WS, (3.5)

We enforced convex combination weighting restrictions on the learned weights
such that they were positive and their sum was equal to 1, i.e., (w,, wy, > 0), and (w,+ w,,
= 1). To this end, these constraints were added to the loss function as given in (3.6). The

RankingSF results are reported in the experiments section.
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Figure 3.10. The proposed two-stream architecture

3.1.5. Implementation details

During the online tracking stage, first, a general search around the previous position
of the target was applied followed by a local search. In general search, 256 candidate
bounding boxes were drawn in each frame with varying aspect ratios and scales around
the target location found in the previous frame. To this end, a ROI whose size and aspect
ratio depended on the target's current bounding box was created. The bounding box of the
target was at the center of the ROI, and the size of the ROI was about 5 times of the target
bounding box size. Both random sampling and Edge Boxes [75], which is an effective
region proposal method, were used to create candidate regions. The candidate region with
the maximum classifier score in the general search was temporarily assigned as the new
target location, then another local search was carried out around this location. In local
search, 128 candidates were drawn around the temporary target location in an area smaller

than the general searching area, and classifier scores were obtained using the two-stream
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neural network. After determining the candidate regions with the highest scores in the
general and local search, these scores were compared and the candidate region with the
higher score was determined as the new location of the target object. This local search is
very important for the proposed method, as the classifier of the network is very sensitive
to even small target object position changes due to the ranking loss used in its
optimization function. Also, if the final candidate region’s score is greater than a given
threshold by the user, this region is assigned as the new target position; otherwise, the
new position is determined as a previous position. After determining the new location of
the target object in the current frame, deep neural network-based two-stream networks
should be updated. Due to speed issues, the weights of the fc layers (fc4-6) were updated,
and the weights of the convolutional layers (convi-3) were frozen in the network. To this
end, 750 positives, 7000 negatives and 2000 sample pairs were drawn to fine-tune the
pre-trained network in the first frame and in the other frames, 64 positives, 256 negatives,
and 48 ranking pair samples, with a difference between loU ratios larger than 0.4 were
used. Since the ground-truth information of the target was given in the first frame, more
samples were selected from this frame. To decide whether to update the model, a network
model that was quite similar to the currently active model was cached, and this model
was updated every 10 frames. The current active network model is updated if the score
of the best target position is larger than the threshold value (threshold value = 0) pre-
defined by the user. This proposed model update strategy differs from the strategy
proposed in MDNet where short-term updates are performed only when potential tracking
failures are observed. However, updating the model in each frame is crucial to track the
scale and aspect ratio changes of the bounding boxes that frame the target object. In order
to adapt the model to these changes, the maximum number of iterations was set to 10

during model updates.

In the cache, another model is needed to be kept because the active model was
updated with each frame, rapidly adapting itself to smooth appearance changes. As a
result, when the target undergoes an occlusion in a gradual way, the active model
sometimes learns the background instead of the target object and cannot detect the object
even if it appears again in the scene. To handle these problems, a cache model that ensures
an update of that the active model was kept only when the target was mostly visible. Only
one cache model was used; however multiple cache models can be used for different

purposes based on different applications. For instance, consider aerial tracking of a non-
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rigid object in the images captured by a UAV. Since both the target and the camera move,
there would be various aerial target views in different orientations. When the target
disappears from the scene due to occlusion and then reappears in the scene with a
completely different view, the active model may find it difficult to detect the target object.
In such cases, trained cache models with different views would help re-detect the target

easily.

During offline training, 32 positive samples, 64 negative samples and 64 ranking
pairs for 8 different frames (mini-batch size) were selected. Next, these selected patches
were resized to 107x107. The network was trained for 100 epoch on the ILSVRC 2015

dataset.

3.1.5.1. Architecture overview

Our one stream network architecture which is part of VGG-M network is shown in
Table 3.5. The table shows structures, input and output shapes of the one-stream network
architecture. In this table, /n and Ouf represent a number of input and output channels of

the filter, respectively, K denotes the filter size and S denotes the stride.

Table 3.5. Architectures of the one-stream network

Layer Structure Input Shape Output Shape
Convl In=3,0ut=96,K=7,§=2 —1x3x107x107 —1x96x51x51
MaxPooling K=3,8=2 —1x96x51x51 —1x96x25x25
Conv2 In =96, Out =256,K =5,5 =2 —1x96x25x25 —1x256x11x11
MaxPooling K=3,8=2 —1x256x11x11 —1x256x5x5
Conv3 In=256,0ut =512, K=3,5=1 —1x256x5x5 —1x512x3x3
Fc4 In = 4608, Out =512 —1x4608 —1x512
Fc5 In =512, Out =512 —1x512 —1x512
Fco6 In =512, Out =1 —1x512 —1x1

3.1.5.2. Parameters of CNN

The input layer includes an image; thus, there are no parameters in input image.
Consider a convolutional layer which receives input with L feature maps and has output
feature map with K and has filter MxN size. The convolutional layer includes
(MxNxLxK) weights and K biases, so it has a total of ((MxNxL + 1)xK) parameters.

Pooling layers just reduce the dimensions of inputs and it has no parameters. In the fc
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layer, every neuron is connected to other neurons, and therefore, it has parameters. For C
input neurons and P output layer neurons, it has PxC weights and C biases so the number
of parameters here is ((P + 1)xC)). Table 3.6 shows the parameters of one-stream

network with calculations for each layer.

3.1.5.3. Setting design parameters

There are 3 parameters to be determined by the user in the proposed method: the
weight vy in L(.), the weight x of the proposed ranking loss that enforces the classifier to
return positive scores for positive class samples and negative scores for negative class
samples, as seen in Eq. (3.5) and the regularization parameter 4. To determine the best
values of k and y, we randomly selected different videos from the OTB (Object tracking
benchmark) [76], ImageNet [77] and VOT [40] datasets and evaluated accuracies for
different values. The best accuracy was obtained for k = 0.5 and y = 4.5 values. Also, the

regularization parameter (weight decay) A was set to 0.0005.

Table 3.6. Parameters of the one-stream network

Layer (type) Output Shape Calculations Parameters #
Conv2d-1 [-1, 96, 51, 51] (7x7x3 + 1)x96 14,208
ReLU-2 [-1,96, 51, 51] - 0
LocalResponseNorm-3 [-1,96, 51, 51] - 0
MaxPool2d-4 [-1, 96, 25, 25] - 0
Conv2d-5 [-1, 256, 11, 11] (5x5x96 + 1)x256 614,656
ReLU-6 [-1, 256, 11, 11] - 0
LocalResponseNorm-7 [-1, 256, 11, 11] - 0
MaxPool2d-8 [-1, 256, 5, 5] - 0
Conv2d-9 [-1, 512, 3, 3] (3x3x256 + 1)x512 1,180,160
ReLU-10 [-1, 512, 3, 3] - 0
Linear-11 [-1, 512] (4608 + 1)x512 2,359,808
ReLU-12 [-1, 512] - 0
Dropout-13 [-1,512] - 0
Linear-14 [-1, 512] (512 + 1)x512 262,656
ReLU-15 [-1,512] - 0
Dropout-16 [-1,512] - 0
Linear-17 [-1, 1] (512 + Dx1 513
Total Parameters 4,432,001
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3.2. Correlation Filter-Based Method

In the scope of the thesis, an object tracking algorithm that can run in real-time on
the onboard computer on UAVs has been developed. To this end, firstly we proposed a
hybrid method to track UAV captured by another UAV. Then, we generalized our
proposed tracking method for general object tracking. To create this hybrid method, we
employed KCF for its capability of fast-tracking, together with a relatively fast and
accurate object detection method, YOLOV3. A new dataset of videos with various kinds
of UAVs was created. This new dataset consisted of 15 UAV videos with 7500 frames in
order to train YOLOvV3 models and test our proposed method. Image 3.1 shows selected
examples from our created new dataset. In addition to YOLOv3, YOLOV3-Tiny models

were trained and used to achieve a faster hybrid tracking method.

Image 3.1. Samples from the UAV Tracking dataset created to train and test the UAV tracking methods

3.2.1. Kernelized correlation filter tracker (KCF)

Correlation is a metric of similarity between two signals where signals of higher
similarity are more highly correlated. In visual object tracking, correlation is used to
measure the similarity between the two images. In visual target tracking algorithms, the
correlation filter is designed to give a maximum response when applied to the target to
be tracked. To speed up the algorithm and reduce the computational complexity of the
learned filter, KCF [5] uses circulant matrices. KCF also uses HOG features [78] to

improve tracking accuracy.

31



Now, let y; represent a target and f(z) = w7z be the function that minimizes the
squared error over samples x; and their regression targets y;.. The KCF briefly solves the

following ridge regression optimization problem,

mMEHZ(f(Xi) - y)%+ Alw]|? (3.7)

where A is a regularization parameter that controls over-fitting. The solution of the
problem in the frequency domain corresponds to

P Oy (3.8)
O+

where W indicates the Fourier transform of w, X* is the complex conjugate of ¥, and ©
denotes the element-wise product. The w can easily be calculated by using the inverse
Discrete Fourier Transform (DFT) in the spatial domain. In addition to the correlation

filter, KCF employs the kernel trick to improve tracking accuracy.

Since the problem is solved in the frequency domain, the correlation filter is
extremely fast, making it ideal for practical object tracking applications. As a result, KCF
i1s one of the fastest methods in literature; it runs even on CPU in real-time, is robust
against translation and scale differences and provides high accuracy in tracking. But when
the target is occluded or out of the scope KCF easily drifts from the target since it does
not have a self-correction mechanism and only searches in a ROI around the previous
position target. In addition to these drawbacks, it cannot predict the aspect ratios of targets
as in other correlation filter-based trackers, (To the best of our knowledge, there is only

one study addressing this problem [1]).

3.2.2. Object detectors

Object detection methods can be roughly divided into two categories as one-stage
and two-stage detectors. Two-stage networks firstly propose regions using region
proposal networks and then apply classification and regression on these proposals. Figure
3.11 shows Faster R-CNN [79] region proposal network (RPN) which is the well-known

two-stage network.
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Figure 3.11. Faster R-CNN - Region proposal network [79]

The other one-stage methods skip region proposal stage and directly predict
bounding boxes and their class probabilities using a one-stage network. Redmon et al. [4]
proposed a one-stage end-to-end learnable object detector network called YOLO. Figure
3.12 shows that YOLO architecture. YOLO is extremely faster than two-stage detectors
because it divides the input image into S x S grid before it feeds the convolutional neural
network with the whole this image, but two-stage detectors firstly determine candidate
region proposal using RPN and non-maximum suppression (NMS), then they predict
bounding boxes and class probabilities. YOLO determines class probabilities and

bounding boxes of objects using following loss function.
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YOLO is a fast object detection method, not an object tracking method. It cannot
distinguish the target object in a scene from other objects in the same class. Using YOLO

in video streams in tracking objects can cause discontinuity, as it is not designed to return
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a detection response for each frame. Power consumption and run-time are extremely
crucial with UAV-specific vision applications. While YOLO runs relatively fast on GPUs
compared to two-stage detectors, it cannot be compared to KCF which runs with 100+
FPS on a CPU. Also, the YOLOvV3-Tiny model which has a smaller number of

convolutional layers is used to improve run-time performance.
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Figure 3.12. YOLO architecture [4]

3.2.3. The proposed hybrid tracker-UAVH

YOLO is a fast general object detector with high accuracy. In a single object
tracking, targets and backgrounds change at each video stream, so object tracking is class
agnostic. It also runs at ~15 FPS on onboard computers. KCF is an extremely fast tracker,
but the target is not robust to changes in the aspect ratios of the bounding boxes and this
causes it to easily drift from the target. Given the advantages and limitations of these two
methods, they seem to complement each other. Therefore, a hybrid tracker is proposed to
take advantage of these two methods. The proposed hybrid tracker UAVH uses YOLO to
detect the target in the first frame and re-detect it when the tracker fails and, employs
KCF to keep tracking the target object. In this way, a new hybrid tracker was created
using both the YOLO detector and the KCF tracker.

To perform the proposed method, a YOLO model was needed to be trained first to
detect objects. To this end, YOLO models were trained separately to detect UAVs and
general objects using the created dataset and MS-COCO dataset. For the best run-time
performance, the original C implementation was compiled as a dynamic library instead
of the python implementation of the YOLO method and was used in our Python code by

calling these functions. After YOLO had been trained for specific categories to be used
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for tracking, a mechanism was needed to switch between detector and tracker approaches.
The proposed method relies on tracker scores: If the KCF tracker's filter score is less than
a given threshold value, the YOLO detector is called to detect all UAVs (or any other
tracked object sample) in the frame. Next, the proposed method relies on YOLO scores
to decide whether the object of interest is in the frame. The scores of the regions where
YOLO returns are checked and if the scores of these regions are higher than the given

thresholds, they are determined as candidate locations.

The IoU ratios are calculated between these k candidate regions (Pp,) and the
tracker's latest output (Pr) using equation (3.10). If there is at least one candidate region
with an JoU ratio greater than zero, the candidate with the maximum JloU score is
determined as a new position of the tracked target and it is utilized to re-train KCF.

X(lanPDil) (3.10)
ik \|Pr U Pp|

If there is no intersection between the candidates and the latest position of the
object, that is, the target moves away, the Euclidean distances are calculated between the
centers of the candidate boxes (xp,, ¥p,) and the latest output of the tracker (x7, yr) using
equation (3.11). Finally, the closest candidate position is determined as the location of the

target.

r?ea}cx(\/(xT —xp)? + (r = ¥pi)?) (3.11)

By following the above procedure, the tracker is enabled to recover from a failure
and update the aspect ratio dynamically. Since the YOLO runs only when the tracker's
filter score is less than a given threshold, the proposed method runs faster than YOLO.
As a result, the proposed method used KCF to track the single object and got continuous
results and became faster, while using YOLO to recover and dynamically update the

aspect ratio when the tracker fails.
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4. EXPERIMENTS

We conducted two different experiments on different datasets to evaluate our deep
learning-based (Ranking) and correlation filter-based (UAVH) approaches. First, we
tested the Ranking method we had developed for general single object tracking, and then
the UAVH method we had developed for UAV tracking applications using onboard

computers.

4.1. Deep Learning-Based Tracker Experiments

We tested our deep learning-based methods, RankingAF and RankingSF on 8
different single object tracking datasets and evaluated their results. These well-known
datasets are the OTB-2015 [76], TColor-128 (Temple-Color) [80], UAV123 (Unmanned
Aerial Vehicle) [81], DTB70 (Drone Tracking Benchmark) [82], NfS (Need for Speed)
[83], LaSOT (Large-Scale Single Object Tracking) [84], VOT-2017/2018 (Visual Object
Tracking) [40], GOT-10k (Generic Object Tracking Benchmark) [85]. RankingAF
directly adds the scores of RGB and Optical networks while RankingSF learns network-
specific weights as described in the method. The proposed approaches were implemented
both in Python using Pytorch and in Matlab using matconvnet and ran on a Quadro P5000
16GB GPU and an eight-core 2.1 GHz Intel Xeon E5-2600 processor. To pre-train our
two-stream network, we used ILSVRC 2015 datasets including 2156 video streams,
except the GOT-10k dataset where we utilized its train split for a fair comparison. On a
single Nvidia Quadro P5000 GPU, we achieved a tracking speed of 3 and 4 FPS in Matlab
and Python, respectively. We compared our methods to recently published state-of-the-

art methods (Table 4.1).
4.1.1. Evaluation protocols

The results of the trackers are reported using the one-pass evaluation (OPE)
protocol with both success and precision scores. To generate the performance scores and
the plots, we used the OTB evaluation toolkit on the OTB-2015, UAV123, Temple-Color-
128, and DTB70 datasets. The precision plot, which is a widely used evaluation metric
on tracking, shows the percentage of frames whose center of predicted locations are
within the given threshold (we used 20 pixels for our experiments) of the center of
ground-truths. These center location errors are calculated using Euclidean distance. The
success plot employs the bounding box overlapping between predicted target bounding

boxes and ground-truth to show performances of trackers and shows the ratios of
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successful frames at the thresholds ranging from 0 to 1. Finally, trackers are ranked using
the area under the curve (AUC) obtained from these plots instead of using a given
threshold. We used AUC scores to compute the performances of the trackers on the NfS
dataset. On the GOT-10k datasets, we used normalized precision (Prenorm) in addition to
AUC and precision (Pre) scores. We used average overlap (AO) and success rates (SR)
at overlap thresholds set to 0.5 and 0.75 on the LaSOT benchmark. Finally, we used the
VOT toolkit evaluation protocol to evaluate the performances of the trackers on the VOT-
2017/2018 datasets. This protocol applies a reset-based methodology in which a tracker
re-initialized whenever tracking fails using new ground-truth information and also it uses
no-reset based methodology using average overlap (AO) metric as in OTB protocol. In
the reset-based methodology, the performance is determined in terms of expected average
overlap (EAO) which is obtained using both Accuracy (A) and the number of re-

initialization (robustness-R).

Table 4.1. State-of-the-art tracker list

Tracker name Publisher Year of publication
TADT [86] CVPR 2019
GCT [69] CVPR 2019
VITAL [87] CVPR 2018
CFCF [38] T-IP 2018
SiamRPN [50] CVPR 2018
FlowTrack [67] CVPR 2018
LSART [88] CVPR 2018
ECO [24] CVPR 2017
MCPF [89] CVPR 2017
SiamFCv2 [36] CVPR 2017
BACEF [90] ICCV 2017
CFWCR [91] ICCVW 2017
CSRDCEF [92] CVPR 2017
GNet [93] ICIP 2017
MDNet [3] CVPR 2016
CCOT [39] ECCV 2016
GOTURN [11] ECCV 2016
DeepSRDCEF [35] ICCV 2015
CF2 [34] arXiv 2015
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4.1.2. State-of-the-art comparison

4.1.2.1. Object tracking benchmark (OTB)

The OTB [76] is a well-known single object tracking dataset. We report the results
of our methods RankingAF and RankingSF on the OTB-2015 which includes 100 video
sequences (590 frames average length), with 11 different challenging factors. Figure 4.1
shows the precision and success plots of the recently published state-of-the-art methods
including ECO, VITAL, MDNet , CFCF, CCOT, TADT, DeepSRDCF, and CF2 on the
OTB-2015 dataset. In addition to these plots, in Table 4.2, we compare AUC and
precision scores of our methods with other state-of-the-art methods. The proposed
RankingSF and RankingAF had the best precision scores of 92.1% and 92.0%
respectively. In terms of AUC scores, RankingSF and RankingAF achieved a 68.8% and
68.3% AUC, respectively, which are close to the best result of ECO achieved by 69.1%.
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Figure 4.1. Precision and success plots on the OTB-2015 dataset using the OPE protocol

The AUC and precision scores are also reported in Figure 4.2 and Figure 4.3,
respectively for 11 different attributes in the OTB-2015 dataset, including fast motion,
background clutter, motion blur, deformation, illumination variation, in-plane rotation,

low resolution, occlusion, out-of-plane rotation, out of view and scale variation.

In terms of AUC, our trackers obtained either the best or comparable results in these
challenging attributes. By using motion clues through the optical flow network, the AUC
scores were improved, and the proposed RankingSF achieved the best AUC except for
occlusion, motion blur and illumination variation challenges. For the motion blur

challenge, the motion stream (optical flow network) yields insensitive scores due to
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motion blur frames, so reducing the performance of our trackers. Thanks to the score
fusion mechanism, RankingSF tolerates insensible scores of the motion network better
than RankingAF. Similarly, for the occlusion challenge, the motion stream cannot
produce any sensible score as there is no movement for long time periods in the video
sequences. As a result, the AUC of the proposed methods slightly drop. Unlike the
occlusion and motion blur challenges, our trackers achieve comparable AUC scores in
the illumination variation challenge.

Success plots of OPE - fast motion (39) Success plots of OPE - background clutter (31)
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Figure 4.2. Comparison of the AUC scores for 11 different attributes on the OTB-2015 dataset
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Success plots of OPE - low resolution (9) Success plots of OPE - occlusion (49)
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Figure 4.2. (continued) Comparison of the AUC scores for 11 different attributes on the OTB-2015
dataset

In terms of precision plots, our trackers achieved the best or comparable results in
these 11 different attributes. Using motion information through the optical flow network
improved the precision scores; the proposed RankingSF especially achieved the best
precision scores in 7 different attributes except for occlusion, out of view, low resolution,
and deformation challenges. In the deformation challenge, RankingAF achieved the best
precision score followed by our other tracker RankingSF. Similar to AUC scores,

RankingSF tolerated insensible scores of the motion network better than RankingAF
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thanks to the score fusion mechanism. For the occlusion challenge, the motion stream
cannot produce any sensible score as there was no movement for long time periods in the
video streams as in the success plot. For low resolution, RankingSF achieved a 99.7%
precision score which was very close to the best result of 99.9% obtained with TADT.

Precision plots of OPE - fast motion (39) Precision plots of OPE - background clutter (31)

0.9 09
08 08
07 r B 07 -
= 0.6 - q c 06 -
S S
D ol ] D5
G 0s G 05
o [0.903] RankingSF 1< ——— [0.950] RankingSF
Q. 04 ——[0.892] VITAL QO 04 ————[0.946] VITAL
= [0.889] RankingAF — [0.942] ECO
03| = [0.885] MDNet i 03 - = [0.937] RankingAF i
s [0,880] CCOT s [0.925] MDNet
L [0.878] ECO 1 [ [0.876] CFCF |
02 ———[0.868] CFCF 02 ——[0.866] CCOT
——[0.834] TADT —[0.843] CF2
0.1 [0.815] CF2 q 0.1 [0.841] DeepSRDCF |
[0.814] DeepSRDCF s [0.805] TADT
0 5 10 15 20 25 30 35 40 45 50 0 5 10 15 20 25 30 35 40 45 50
Location error threshold Location error threshold
Precision plots of OPE - motion blur (29) Precision plots of OPE - deformation (44)
1 T T T T T 1 T T T T T T T T
0.9 - = = 0.9 -
08 — 08 -
0.7 b 07 -
= 06 — c 06 -
ksl S
D ae b 4 %2} L
S 0.5 S 0.5
o ——[0.925] RankingSF o ———[0.903] RankingAF
o 04 ———[0.921] CFCF B o 04 - ———[0.902] RankingSF ||
[0.907] RankingAF — [0.901] VITAL
0.3 — (0.897] ECO 03 — [0.899] MDNet
[0.896] CCOT = [0.860] CCOT
[0.880] VITAL [0.859] ECO
02 ——— [0.866] MDNet 02 ———[0.838] CFCF
[0.833] TADT ——[0.822] TADT
0.1 [0.823] DeepSRDCF 0.1 e [0.797] CF2
s (.804] CF2 = [0.783] DeepSRDCF
o . . ; ; ; N . . . . . ; ;
0 5 10 15 20 25 30 35 40 45 50 0 5 10 15 20 25 30 35 40 45 50
Location error threshold Location error threshold
Precision plots of OPE - illumination variation (38) Precision plots of OPE - in-plane rotation (51)
09 5 0.9 -
0.8 - 1 08 -
0.7 0.7
I 0.6 - 06
S S
D o5 @
5 08 G os
Q0 ———[0.953] RankingSF o ———[0.929] RankingSF
0 04 [0.943] RankingAF q QO 04 - ———[0.927] RankingAF 1
— [0.934] VITAL — [0.918] VITAL
0.3 ———[0.915] MDNet ] 03 - ———1(0.910] MDNet 1
——[0.914] ECC ——[0.892] ECO
[0.902] CFCF [0.886] CFCF
02 [0.875] cCOT 1 02 ——[0.868] CCOT 1
[0.864] TADT ——[0.854] CF2
0.1 ~———[0.817] CF2 1 0.1 ~———[0.832] TADT 1
= [0.791] DeepSRDCF ———[0.818] DeepSRDCF
5 . . n N ; o . . . . . n N
0 5 10 15 20 25 30 35 40 45 50 0 5 10 15 20 25 30 35 40 45 50

Location error threshold Location error threshold

Figure 4.3. Comparison of the precision scores for 11 different attributes on the OTB-2015 dataset
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Precision plots of OPE - low resolution (9) Precision plots of OPE - occlusion (49)
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Figure 4.3. (continued) Comparison of the precision scores for 11 different attributes on the OTB-2015
dataset

4.1.2.2. Temple color 128 (TColor-128) dataset

The TColor-128 [80] contained 128 color-based videos, including 50 videos used
in the previous benchmarks and 78 videos that had never been used before for object
tracking. This benchmark was also labeled with 11 challenging factors as in OTB-2015
dataset. Table 4.2 shows the AUC and precision scores of our trackers and the recently

published state-of-the-art methods including ECO, VITAL, MDNet, TADT, and GCT on
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the TColor-128 benchmark. The proposed RankingSF and RankingAF had the best
precision scores of 82.0% and 81.5%, respectively as in the OTB-2015 precision. In terms

of AUC score, the proposed RankingAF obtained comparable results on this dataset.

Table 4.2. State-of-the-art comparison on the OTB-2015 and TColor-128 datasets in terms of AUC and
precision scores. (The red, blue and green fonts indicate the top-performing trackers, respectively)

OTB-2015 TColor-128
AUC Precision AUC Precision
RankingAF 68.3

RankingSF 92.1 55.6 82.0
MDNet 67.8 90.9 56.3 77.7
ECO 69.1 91.0 59.7 80.0
VITAL 68.2 91.8 59.7 80.0
SiamRPN 63.6 85.0 56.3 77.7
GCT 64.8 85.4 59.7 80.0
TADT 66.0 86.6 56.2 -

FlowTrack 65.5 88.1 - -

4.1.2.3. Unmanned aerial vehicle 123 (UAV123) dataset

The UAV123 [81] contained 123 low-altitude aerial video sequences captured by
an UAV. Table 4.3 shows the AUC and precision scores of our proposed and the recently
published state-of-the-art methods including ECO, VITAL, MDNet, SiamRPN and
UAVH on the UAV123 benchmark. We report the precision and success scores of the
tested methods in Table 4.2. The proposed RankingAF and RankingSF had the best
performances of 53.6% and 53.5%, respectively in terms of AUC scores. In terms of
precision, while RankingSF achieved the third-best result, RankingAF obtained

competitive results.

4.1.2.4. Drone tracking benchmark 70 (DTB70)

Similar to the UAV123 dataset containing aerial videos, this benchmark [82]
contained 70 high-diversity videos shot by drone cameras. We compare our trackers
RankingAF and RankingSF with our baseline method MDNet in Table 4.3. Our proposed
RankingAF and RankingSF trackers obtained the best and the second-best scores,
respectively. Notably, the proposed RankingAF significantly outperformed our baseline
MDNet with relative gains of 6.95% and 8.11%, respectively in terms of precision and

AUC.
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Table 4.3. State-of-the-art comparison on the UAV123 and DTB70 datasets in terms of AUC and precision
scores (The red, blue and green fonts indicate the top-performing trackers, respectively)

UAV123 DTB70

AUC Precision AUC Precision
RankingAF 53.6 74.2 493 73.8
RankingSF
MDNet
ECO 52.5 74.1 - -
Vital 52.5 74.1 - -
SiamRPN 52.7 74.8 - -
UAVH 52.7 74.3 - -

4.1.2.5. Generic object tracking benchmark (GOT-10k)

The GOT-10k [85] is a large-scale object tracking benchmark that includes more
than 10,000 videos containing 563 object classes and 87 motion classes, and more than
1.5 million manually labeled high precision bounding boxes. Using the GOT-10k
protocol, we evaluated our trackers on the GOT-10k test split which contains 420 videos
and 83 classes and reported the results of the proposed methods and other state-of-the-art
methods including MDNet, ECO, GOTURN and SiamFCv2 in Table 4.4. We pre-trained
our trackers only on the GOT-10k train split for a fair comparison. In terms of average
overlap (AO) and success rates (SR) at overlap thresholds set to 0.5 and 0.75, the
proposed RankingSF obtained the best and second-best scores, respectively. In addition,
the other proposed method, RankingAF, obtained the third-best scores in terms of AO
and SRos.

Table 4.4. State-of-the-art comparison on the GOT-10k test set in terms of average overlap (A0), success
rates (SR) at overlap thresholds 0.5 and 0.75 (The red, blue and green fonts indicate the top-performing
trackers, respectively)

SRos(%)  SRos(%)  AO(%)

RankingAF 10.9

RankingSF 39.7 11.2 37.8
MDNet 30.3 9.9 29.9
ECO 30.9 31.6
GOTURN 9.8 34.7
SiamFCv2 40.4 14.4 37.4
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4.1.2.6. Need for speed (NfS) dataset

The NfS [83] dataset is the first higher frame rate (30 and 240 FPS) benchmark for
real-world visual object tracking. It contains 33 classes and100 manually labeled video
streams with an average frame length of 3830 frames. We tested our methods on 240 FPS
version of the NfS. Table 4.5 shows the results of the proposed and state-of-the-art
trackers including MDNet, SiamFC, BACF and GOTURN. Our methods, RankingAF
and RankingSF, achieved the best and second-best scores in terms of AUC, respectively.

As seen in table, the proposed trackers also significantly outperformed our baseline

method MDNet tracker by about 10% in AUC.

Table 4.5. State-of-the-art comparison on the NfS (240 FPS version) dataset. (The red, blue and green
fonts indicate the top-performing trackers, respectively)

RankingAF RankingSF MDNet SiamFC BACF GOTURN
AUC (%) 56.6 473 49.5 37.6

4.1.2.7. Large-scale single object tracking (LaSOT) dataset

The LaSOT [84] dataset includes 1400 video streams with 3.52 million high-quality
fully annotated bounding boxes. We evaluated our methods on the test split which
includes 70 classes and 280 videos. Results of our methods and other methods including
MDNet, ECO, VITAL, BACF and SiamFC on the LaSOT are reported in Table 4.6 in
terms of AUC, precision (Pre) and normalized precision (Presom). The proposed
RankingSF tracker achieved the second-best precision and third-best AUC and
normalized precision scores. Nonetheless, the proposed methods achieved comparable

results with MDNet, a top-performing tracker.

Table 4.6. State-of-the-art comparison on the LaSOT dataset. (The red, blue and green fonts indicate the
top-performing trackers, respectively)

AUC (%) Pre (%) Prenorm (0/0)

RankingAF 38.2 35.2 42.1
RankingSF

MDNet 39.7 37.3 46.0
ECO 324 30.1 33.8
VITAL

BACF 25.9 23.9 28.3
SiamFC 33.6 33.9 42.0
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4.1.2.8. Visual object tracking (VOT) dataset

The VOT-2017 [40] dataset includes 60 video streams selected from about 390
videos, with 6 different attributes including illumination change, camera motion, motion
change, occlusion and size change. The VOT-2017 and 2018 have the same videos in the
short-term challenge in which we tested the proposed RankingAF and RankingSF
trackers. We compared our methods with other state-of-the-art trackers including
LSART, CFCF, ECO, CCOT, CFWCR, GNet, CSRDCF, and MCPF. The results of the
trackers are reported in Table 4.7 in terms of accuracy (A), robustness (R), expected
average overlap (EAO) and average overlap (AO) by using the VOT evaluation toolkit.
Except in terms of robustness, our methods RankingAF and RankingSF obtained the best
and second-best scores, respectively. Especially in terms of Accuracy and AO, our
methods significantly outperformed other trackers including CFCF which is VOT-2017
short-term challenge winner. However, robustness performances of LSART and GNet

were better than proposed trackers.

Table 4.7. State-of-the-art comparison on the VOT-2017/2018 benchmark (The red, blue and green fonts
indicate the top-performing trackers, respectively)

EAO Accuracy Robustness AO

RankingAF 0.32 0.52 16.23 0.50
RankingSF 17.41

LSART 0.32 0.48 11.20

GNet 0.27 0.42
ECO 0.28 0.46 15.33 0.40
MCPF 0.25 21.29

CFCF 0.29 15.17 0.38
CCOT 0.27 0.46 17.67 0.39
CFWCR 0.48 0.37
CSRDCF 0.26 18.50 0.34

We also evaluated results for 6 different challenging attributes. As seen in Table
4.8, our proposed trackers, RankingAF and RankingSF, achieved the best and second-
best scores, respectively, for illumination change, motion change, and size change
challenges in terms of accuracy. For occlusion challenge, our methods once again
achieved the best result but RankingSF was better than RankingAF for this challenge.
Moreover, RankingAF and RankingSF significantly outperformed other top-performing
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trackers for both accuracy and robustness on motion and size changes challenges. The
proposed trackers obtained the best scores for size changes since the proposed trackers
better adapted to scale/aspect ratio changes compared to other state-of-the-art trackers
thanks to ranking loss (proposed term) in our methods. Obtaining both the highest
accuracy and robustness performances for motion change challenge were expected since
our motion network used motion cues for object tracking. Our methods only failed to
outperform other state-of-the-art trackers on camera motion since the whole scene moves
with the camera in this challenge, and the motion network in the proposed methods does

not discriminate the object movement from the background.

Table 4.8. State-of-the-art comparison on the VOT-2017/2018 dataset in terms of accuracy and robustness
scores for different challenging attributes (The red, blue and green fonts indicate the top-performing
trackers, respectively)

RankingAF  RankingSF  LSART ECO CFWCR CFCF GNet CCOT

Camera A 0.51 0.51 0.51 0.55

Motion R 26.00 28.00 19.73 28.00 29.00 26.00
lum. A 0.52 0.48 0.48 0.44 0.45
Change R 3.00 4.00 3.00 0.00 6.00
Motion A 0.57 0.50 0.48 0.49 0.50 0.48
Change R 7.67 18.0 12.00 15.00 14.00 19.00
Occlusion A 0.52 0.35 0.39 0.41 0.39
Challenge R 20.80  22.0 14.00  22.00
Size A 0.55 0.46 0.45 0.45 0.45
Change R 5.00 9.00 9.00 12.00 9.00 14.00

4.1.3. Ablation studies

To show the importance of the ranking loss term, hard ranking mining and two-
stream network with different fuse strategies, we performed an ablation study on four
different datasets including OTB-2015, TColor-128, DTB70, and VOT-2017/2018. Table
4.9 shows the components used by each method. As seen in the table, RankingT-NR uses
only hinge loss and single-stream neural network (RGB network) to demonstrate the
effect of the ranking loss term. We added this term with randomly chosen ranking pair
samples to RankingT-NR which uses the single-stream network as in RankingT-NR.
Next, we added hard sample mining strategy to RankingT tracker for ranking loss. To this
end, instead of choosing the random sample pairs, xrl and xr2, for ranking loss term, we

first sorted the scores of xr2 (the visual features of the region that frames the object with
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less accuracy). Then, we paired xrl samples with xr2 samples having the highest
confidence scores and we named this tracker as RankingT-HM. To show the importance
of the two-stream network, we used both spatial and motion networks with different
fusion strategies. The only difference of these trackers from RankingT-HM is that they
use two-stream networks instead of a single-stream. These methods are called RankingAF
and RankingSF and we used these trackers to compare with state-of-the-art trackers.
RankingSF learns network-specific weights while RankingAF directly adds the scores of
RGB and Optical networks as described in the method. All of these trackers are pre-
trained on the ILSVRC 2015 dataset, so they are directly comparable.

Table 4.9. Usage of the proposed components by trackers

Hinge Loss  Ranking Loss Hard-Mining Single-Stream Two-Stream

RankingT-NR v x x v x
RankingT v v x v x
RankingT-HM v v v v x
RankingAF v v v % v
RankingSF v v v x v

Table 4.10 and Table 4.11 show the results of the described trackers on different
datasets. It can be seen from the tables that adding ranking loss term improved all scores
on all of the 4 different datasets. More precisely, it improved both AUC and precision
scores of around 2% on the OTB-2015 dataset. On the TColor-128 and DTB70 datasets,
similarly, both AUC and precision scores were improved by around 2%. Especially, on
the VOT2017/2018 dataset, RankingT achieved an EAO score of 0.27, with a relative
gain of 7% over without ranking loss tracker, RankingT-NR.

Next, we investigated the impact of the hard sample mining strategy for the
proposed ranking loss term. The given results in the tables indicate that adding this
component increased all scores on all datasets. Especially, on the VOT2017/2018 dataset,
RankingT-HM significantly outperformed RankingT method by 2% in terms of both A
and EAO.

Lastly, we investigated the impact of using two-stream network by optical flow in
addition to RGB features. On the OTB-2015 and TColor-128 datasets, results of

RankingT-HM and two-stream methods were similar, because these datasets mostly had
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the same videos. On the DTB70 dataset, RankingAF and RankingSF obtained the best
results, respectively. Notably, RankingAF achieved an AUC of 49.3% and 73.8% which
were around 2% higher than the results of the RankingT-HM. For RankingAF, using the
two-stream network led to a significant improvement on the VOT-2017/2018 dataset,
giving an EAO of 0.32, with a relative gain of almost 10% over RankingT-HM.

Table 4.10. Ablation studies on the OTB-2015 and TColor-128 datasets (The red, blue and green fonts
indicate the top-performing trackers, respectively)

OTB-2015 TColor-128
AUC Precision AUC Precision
RankingT 68.3 91.2 57.6 81.5
RankingT-NR 66.4 89.4 56.4 80.3
RankingT-HM 68.9 91.6 58.2 82.0
RankingAF 68.3 92.0 57.6 81.5
RankingSF 68.8 92.1 58.3 82.1

These ablation studies show that usage of the ranking loss and hard-sample mining
is crucial for object tracking. Moreover, the two-stream network using motion
information in addition to the appearance information obtains better accuracies compared

to the tracking network using appearance information alone.

Table 4.11. Ablation studies on the DTB70 and VOT-2017/2018 datasets. (The red, blue and green fonts
indicate the top-performing trackers, respectively)

DTB70 VOT-2017/2018
AUC Precision EAO Accuracy Robustness
RankingT 45.9 71.0 0.27 0.50 19.84
RankingT-NR 44.7 69.6 0.25 0.47 22.64
RankingT-HM 47.3 71.9 0.29 0.52 18.02
RankingAF 49.3 73.8 0.32 0.50 16.23
RankingSF 47.5 71.9 0.31 0.51 17.41

We updated the w, and w,, values during online tracking. Figure 4.4 shows the
computed values of w, and w,, along with a complete video stream for zebrafish. Magenta

dashed line shows the frames with occlusion in the given frame and green dashed line
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shows an abrupt motion in the given frame. Red and blue dashed lines show w, and wy
weights, respectively, in the given frame. As shown in the given figure, the proposed two-
stream network with score fusion strategy generally relies on the spatial network. But, the
weight of the temporal network dominates especially when there are some abrupt motion
changes as expected (not all the time, among 35 frames with abrupt motion changes, the
temporal network dominates for 30 frames). For this zebrafish video stream, the weight
for the temporal network is also higher in the occluded frames (frame no: 248-251). This
shows that the score fusion strategy works as expected and the system learns to give

higher weights to the temporal network when the spatial network fails.
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Figure 4.4. Change of score fusion weights on zebrafish video sequences during online tracking

4.1.4. Visual comparison

Finally, we are showing a comparison of the proposed method, RankingAF, with
state-of-the-art correlation filter tracker ECO and deep neural network tracker (MDNet)
on two challenging video sequences (fish, diving). Aspect ratios of bounding boxes and
object appearances that frame targets dramatically change in these video sequences. In
the given Image 4.1, the first and the last images correspond to the second and the last
frames of the videos, while the other images correspond to consecutive intermediate
frames. In the first video frames (fish), while our method achieved to track the target until
the end of the video frames, both ECO and MDNet failed to track the target object. In the
second video sequence (diving), all of the methods achieved to track the target object, but

our tracker, RankingAF, returned better bounding boxes.
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Image 4.1. A comparison of the proposed method, RankingAF, with MDNet and ECO.

In Image 4.1, the green bounding boxes show results of the trackers and the yellow
bounding boxes show the ground-truth. The proposed two-stream method returned more
precise bounding boxes framing the target. As a matter of fact, the returned bounding
boxes of the RankingAF for most of the fish video frames were even better than the
ground-truth. On the contrary, both MDNet and ECO drifted from the target in the fish

video and returned less accurate bounding boxes for the target object in the diving video

4.2. Hybrid Method Experiments

Although there are many datasets for training and testing single object tracking
methods in videos such as LaSOT, OTB, TrackingNet [94], VOT and GOT-10k, there is
no dataset consisting only of UAVs. For our specific UAV tracking application, a new
dataset with various kinds of UAVs was created. To this end, we tracked UAVs using a
camera mounted on another flying UAV. This dataset which called UAV Tracking,
contained 15 video streams with 7500 frames which were high precision labeled. We used
2000 frames to train the YOLOV3 and YOLOv3-Tiny models, while the remaining 5500
frames were used for testing our approaches. In addition to these experiments, we also
developed the generalized version of our approaches using MS-COCO pre-trained
YOLOV3 models to compare with other trackers. Next, we conducted experiments on the

UAV123 and UAV20L datasets consists of images captured by UAVs. We used the OTB
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evaluation toolkit using OPE protocol for a fair comparison on all datasets. We report the
results of methods using both success and precision plots. We named our tracker
employing YOLOv3 as UAVH and employing YOLOv3-Tiny model as UAVH-Tiny.
We conducted a small experiment on a validation dataset to determine the thresholds for

detector and tracker and we obtained the thresholds of 0.5 and 0.45, respectively.

The proposed hybrid tracker was implemented in Python and the YOLOv3 models
were trained on NVDIA Tesla V100 16GB GPU. We tested all experiments both on a
notebook with an Intel Xeon E-2186 CPU and Nvidia P4200 8 GB GPU and on a Jetson
TX2 single-board computer.

4.2.1. UAV Tracking dataset

We trained and evaluated the proposed hybrid methods, UAVH and UAVH-Tiny
on this created dataset. We also evaluated 7 different methods including YOLOV3,
YOLOV3-Tiny, CSRT [92], TLD [16], MIL [18], BACF and KCF on the UAV Tracking
dataset. Table 4.12 shows the results of our methods as well as other methods in terms of
AUC, precision and FPS. Our trackers achieve the best results for both AUC and precision
scores. As expected, UAVH scores better than UAVH-Tiny, while UAVH-Tiny is faster
than UAVH. Our trackers, UAVH and UAVH-Tiny, also operated at 53.5 and 69.2 FPS,

respectively.

Table 4.12. Comparison of the proposed methods with other trackers in terms of AUC, Precision and FPS
on the UAV Tracking dataset (The red, blue and green fonts indicate the top-performing trackers,
respectively)

AUC Precision FPS
UAVH 0.561 0.773 53.5
UAVH-Tiny
YOLOV3 16.5
YOLOV3Tiny 0.461 0.63 47.1
CSRT 0.232 0.402
TLD 0.205 0.265 20.1
MIL 0.215 0.379 12.3
KCF 0.126 0.196 115
BACF 0.213 0.339 25.8
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As seen in the table, faster KCF and CSRT trackers achieved very low scores on

this dataset. Results of the tested methods on UAV Tracking dataset created are given in

Figure 4.5. The proposed methods also significantly outperformed YOLOv3 and KCF

which are components of proposed methods.
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Figure 4.5. Precision and success plots on the created UAV Tracking dataset

4.2.2. Unmanned aerial vehicle 123 (UAV123) dataset

The UAV123 contains 123 low-altitude aerial video sequences (high-resolution)

with 12 different challenging attributes captured by an UAV. Table 4.13 shows AUC and

precision scores and operating times of the proposed and other trackers including ECO,
ECO-HC, SRDCF [95], MEEM [96], IVT [7], MUSTER [97], DSST [98], Struct [99],
ASLA [100], OAB [14], CSK [101], KCF, and TLD on the UAV123 benchmark. The

precision and success scores of the tested methods are given in Table 4.13. Figure 4.6

shows precision and success plots of these trackers. The proposed methods, UAVH and
UAVH-Tiny were pre-trained using MS-COCO dataset. The proposed UAVH achieved
the best both precision of 74.3% and AUC of 52.7% scores.
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UAV123-Precision plots of OPE
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Figure 4.6. Precision and success plots on the UAV123 dataset using the OPE protocol

Table 4.13 also shows operating times of these trackers both on a PC and a Jetson

TX2 onboard computer. As the table indicates, our hybrid trackers operate in real-time

on both a computer and a Jetson TX2.

Table 4.13. Comparison of the proposed methods with other trackers in terms of AUC and Precision on
the UAV123 dataset (The red, blue and green fonts indicate the top-performing trackers, respectively)

UAV123 FPS
AUC Precision PC Jetson TX2
UAVH 0.527 0.743 62.86 25
UAVH-Tiny 0.417 0.661 71.9 34
ECO 0.525 0.741 8 -
ECO-HC 0.506 0.725 60 -
SRDCF 0.464 0.676 5.37 -
MUSTER 0.391 0.591 0.975 -
DSST 0.356 0.586 25.4 -
OAB 0.331 0.495 0.459 -
Struck 0.381 0.578 17 -
KCF 0.297 0.466 125 -
TLD 0.283 0.436 13.8 -

We also report the success plots in Figure 4.6 for 12 different attributes in the

UAV123 dataset, including aspect ratio change, background clutter, camera motion, fast

motion, full occlusion, illumination variation, low resolution, out-of-view, partial

occlusion, similar object, scale variation and viewpoint change. The AUC scores of

trackers are shown in the legend. The proposed UAVH obtained the best results in all
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scenarios except background clutter, low resolution and similar object. Notably, in the
aspect ratio change and fast motion scenarios, the proposed tracker, UAVH, significantly
outperformed the second-best tracker, ECO, with relative gains of 12.7% and 17%,
respectively thanks to the adaptability of the YOLO components. In the similar object,
low resolution and background clutter scenarios, our methods failed to outperform ECO
since target object was searched for by applying the YOLO detector in a ROI around the
previous position. Our methods only fail to outperform other state-of-the-art trackers on
camera motion since the whole scene moved with the camera in this challenge, and the
motion network in the proposed methods did not discriminate the object movement from
the background. Notably, for the similar object scenario, ECO tracker significantly
outperformed UAVH with 5% gain in the AUC score since the detector YOLO was not
designed to discriminate the objects in the same classes. Similarly, the low resolution and
background clutter were difficult challenges for object detectors, and the detectors can

fail under these scenarios.
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Figure 4.7. Success plots for 12 different attributes on the UAV123 dataset

55



Success rate

Success rate

Success rate

Success rate

. Success plots of OPE - Full Occlusion (33)
.6

f——10.342] LAVH
] e [0.308] ECO-HC
0.4 w]—I0.308] ECO
10.262] SRDCF
[0.231] Siruck
[0.226] VIEEM
=[———[0.226] VUSTER
[0.222] AS.A
s [().222] LAVH-liny
[0.211] NT
——— [0.204] QAR
- = =[0.20C] DSST
01 - [= = ~[0.184] 7LD
= = =[0.17C] KCF
- = =[0.158] CSK
0 i ]
4 a2 04 0.6 0.8

Overlép threshold
. BSuccess plots of OPE - Partial Occlusion (73)

o
@

=)
e

=3
~

—_—

08 N [0.457] UAVH
By [0.458] ECO
0.5 | [=——[0.448] FCO-HC
0.356] SHLCH
—— [0.343] UAVH-Tiny
e4 r [0.334] ASLA
e [0.331] MEEM
.y 326 VT
03 [0.321] Sruek
——— [0.312] MUSTFR
02 [0.30€] DSST
— = =[0.282] OAB
- = = [0.243] CSK
01 1= = =[0.204] k<CF
- - —[0.228] TID

o L i
0 2.2 0.4 06 06

Overlap threshold

0Success plots of OPE - Scale Variation (109)
4

0.7 S
W [0.502] LAVH
06 o [0.496] ECO
| —1[0.478] ECO-HC
0.5 10.425] SRDCF
[0.394] LAVH Tiny
0al [0.38¢] AS_A
T | ———10.36C] VIEEM
[0.358] VT
0.4 - |m—0.358] MUSTER
[0.342] Struck
o - |[——[0317] DSST
’ - = =[0.204] OAB
= = =[0.268] CSK
01 " | = =[0.264] LD
- - —[0.258] KCF

'
4 9.2 04 0.6 a8

Overlap threshold

Success plots of OPE - Out-of-View (30)

o.7 N

] [0.49¢] LAVH
0.6 | [0.434] ECO-HC
= —[0.425] ECO
10.39%| SRDCF
[0.387] LAVH Tiny
[0.324] Struck
——— [0.323] VIEEM
———[0.316] AS A
[n.312] V1 )
[0.304] MUSTCR N
o2 L [0.298] QAR N
- - —[0.285) DSST N
~ = ~[0.271] KCF S 3R
0.1 - |m = =[0.266] CSK SIS
- - —[0.251] "LD ~
o 7 T i )
o a2 04 0.6 na

Overlap threshold

04

Sgccess plots of OPE - lllumination Variation {31)
4

Success rate

Success rate

Success rate

Success rate

e
by

—— [0.482] LAVH
e [0.458] ECO

——— [0.434] ECO-HC
1

SRDCF
332] LAVH Tiny
[0.32¢] VIEEM
———[0.317) MUSTER
— [0.308) T

0.4 - [=—0.307] DSSI
[0.301] Struck
[0.297] AS A

- - —[0.254] OAB

~ ~ ~[0.251] 8K

01 " | = =[0.21C] TLD
= = =[0.19¢] KCF

0 ' ' '
4 2.2 04 0.6 a8

Overlép thresHold

L (AT

e
e
»

o2 -

o Success plots of OPE - Similar Object (39)

[0.518] ECO
e [0.488] ECO-HC
—— [0.466] LAVH

06 =

0.5 10452 SRDCF
[0.416) ASLA

04 [0.407] VT

7 |——[0.407] MUSTER

— [0.397] VIEEM

63 - [0.374] LAVH-Tiny
[0.364] Struck

02 - |[—0367 DSST

- - =[0.331] OAB
~ = =[0.30C) TLD
0.1 - |= = =[0.294] CSK
= = —[0.288) KCF
0 7 7

0 a2 0.4 06 ns

Overlap lhresHoId

. /Success plots of OPE - Low Resolution (48)

— [0.396] ECO
e [0.382] LAVH
= [0.346] ECO-HC
[0.315] AS_A
[0.31¢) SRDCF
[0.278] VEEM
———[0.27C] USTER
= [m—0.268] Struck
e [.260] LAVH-Tiny
[0.226] DSST
[0.20d] NT
- = =[0.211] GAB
~ = ~[0.208] TLD
= = =[0.176] KCF
= = =[0.173] CSK
0 i i ' !
4 a2 04 0.6 0.8

Overlép threshold
0Sguccess plots of OPE - Viewpoint Change (60)

o
w

<
i

LR/ Y

o
w

4
)

01 -

8

07
k| =——T0.522] UAVH
05 H——[0.473] ECO
[0.435] FCO-HC
| |=—.413) sHOCH
05 | [0.388] UAVH-Tiny
[0.358] MUSTER
0.4 | | [0.349] MEEN
——— [0.338] ASLA
pa | |7 [0.:324] Struex
[0.328] WT
[0.304] DSST
02 [l o = [0.282) 0AB
— = =[0.277] TLD
0.1 | |- = =[p.275] CSK
- = =[0.257] <CF

o L
0 2.2 0.4 06 28

Overlap threshold

Figure 4.7. (continued) Success plots for 12 different attributes on the UAV123 dataset
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4.2.3. UAV20L dataset

This dataset was a subset of the UAV123 benchmark designed to test for long-term
aerial single object tracking. It includes 20 video streams with over 58,000 frames. The
precision and success plots are shown in Figure 4.8. The proposed trackers, UAVH and
UAVH-Tiny, achieved the best two results on this dataset. In terms of AUC, UAVH
significantly outperformed UAVH-Tiny, while UAVH-Tiny achieved the second-best
precision score of 76.1%, competitive with UAVH. The AUC and precision scores with
operating time are given in Table 4.14. In this long-term dataset, UAVH-Tiny obtained
better performances than a short-term dataset due to the self-correction mechanism.
Because when the tracker fails, which 1s more likely to occur with long-term videos, our

detector runs to redetect the target object.
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Figure 4.8. Precision and success plots on the UAV20L dataset

Table 4.14. Comparison of the proposed methods with other trackers in terms of AUC, Precision and FPS
on the UAV20L dataset (The red, blue and green fonts indicate the top-performing trackers, respectively)

UAV20L FPS
AUC Precision PC Jetson TX2
UAVH 0.557 0.784 62.86 25
UAVH-Tiny 0.445 0.761 71.9 34
ECO 0.435 0.604 8 -
SRDCF 0.343 0.507 5.37 -
MUSTER 0.329 0.514 0.975 -
DSST 0.27 0.459 25.4 -
OAB 0.317 0.490 0.459 -
Struck 0.288 0.437 17 -
KCF 0.223 0.339 125 -
TLD 0.197 0.336 13.8 -
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4.2.4. Visual comparison

Finally, in Image 4.2, we present a visual comparison of proposed methods UAVH
and UAVH-Tiny with other methods including CSRT and KCF, on the UAV Tracking
dataset created. As seen in the image, the proposed methods both return more precise

bounding boxes and show more robustness tracking performances.

Image 4.2. A comparison of the proposed methods, UAVH (red bounding boxes), UAVH-Tiny (blue
bounding boxes) with other trackers including CSRT (green bounding boxes), KCF (yellow bounding
boxes) on the UAV Tracking dataset (Black bounding boxes shows ground-truth)
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5. CONCLUSION
This thesis introduces two different single object tracking methods which are deep
learning-based and correlation filter-based. First, we developed a general single object

tracker, RankingT, to obtain state-of-the-art results on different datasets. Next, we

developed a hybrid tracker, UAVH, to detect and track UAVs.

In the RankingT tracker, we employed architecture of the MDNet tracker. We
added a number of components, namely ranking loss, hard mining sampling strategy, and
two-stream network to improve tracking performances. Then, we investigated the impacts
of these components on four different datasets. Finally, we compared our final two-stream
trackers with state-of-the-art trackers on eight different datasets. More precisely, we used
hinge loss instead of MDNet loss function which employed soft-max loss. In addition to
this hinge loss function, we proposed a novel ranking loss function. To this end, ranking
pairs with different /oU ratios, which are greater than 0.1, between pairs and predicted
target positions were selected randomly. We ensured that the classifier gave higher scores
to the candidate regions that frame the target object better. We also used hard ranking
mining strategy to improve performance of the proposed ranking loss term. In this
strategy, selected ranking pairs were not matched randomly, and to use ranking pairs more
effectively, the ranking loss was calculated between low-scoring samples with high loU
ratios and high-scoring samples with low /oU ratios. Lastly, we introduced a lightweight
two-stream deep neural network method to track our object using spatial and temporal
information in videos. To extract temporal information, we used motion information by
calculating optical flows between consecutive frames, while using RGB images to extract
spatial information. We designed two different lightweight networks which consist of 3
conv layers and 3 fc layers. We proposed two different strategies to combine two-stream
networks: feature fusion (early fusion) and classifier output (score) fusion (late fusion).
In the early fusion strategy, overall accuracy reduced. We decided to fuse the scores of
these networks (late fusion) to improve the performances of our tracker. To this end, we

proposed two different approaches: average score fusion and class-specific score fusion.

The proposed methods, RankingAF and RankingSF, obtained the best or
competitive results on eight different datasets including OTB-2015, TColor-128,
UAV123, DTB70, GOT-10k, LaSOT, NfS and VOT2017/2018. The performances of the

59



proposed methods are especially very promising on the OTB-2015, NfS, DTB70 and
TColor-128 datasets.

We also conducted ablation analysis on four different datasets including OTB-2015,
TColor-128, DTB70, and VOT-2017/2018 to investigate the importance of the proposed
components. The results show that the proposed ranking loss term with hard sample
mining strategy significantly outperforms MDNet and RankingT, which is without
ranking loss term trackers. Additionally, proposed two-stream approaches improve

tracker performances on the TColor-128, DTB70 and VOT2017/2018 datasets.

To track UAVs in images captured by another UAV in real-time, we developed
another correlation filter-based tracking algorithm, UAVH. In the UAVH tracker which
is a correlation filter-based real-time tracker, we proposed a hybrid detection-based
tracker using the YOLOV3 detector and KCF tracker to reduce limitations and to take
advantage of these methods. A new UAV dataset that consisted only of certain kinds of
UAVs was created to train and test trackers. This dataset includes 15 videos with 7500
frames. We trained the YOLOv3 model using these UAV images to detect UAVs. In
addition to the YOLOvV3 model, we trained the YOLOv3-Tiny model to obtain a faster
tracker. Next, we generalized our tracker for general object tracking to compare with other
trackers. To this end, we used COCO dataset to train YOLOv3 and YOLOv3-Tiny
models. We tested our final UAVH tracker on UAV123 and UAV20L datasets.

The proposed trackers, UAVH and UAVH-Tiny, achieved the best two results on
the created UAV Tracking dataset and also provided real-time performances of 53.5 and
69.2 FPS, respectively, on a single board computer. Generalized version of proposed
tracker UAVH achieved the best AUC and precision scores on UAV 123 dataset. UAVH
and UAVH-Tiny obtain the best two results on UAV20L dataset for both AUC and
precision scores, respectively. These trackers ran in real-time on the UAV123 and
UAV20L datasets. As expected, UAVH scored better than UAVH-Tiny, while UAVH-
Tiny was faster than UAVH.
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