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ABSTRACT

VISUAL OBJECT TRACKING USING SEMI SUPERVISED
CONVOLUTIONAL FILTERS

SEVINDIK, EMIR CAN

M.S., Department of Electrical and Electronics Engineering

Supervisor: Prof. Dr. A. Aydin Alatan

September 2020, pages

Visual object tracking aims to find a single object position in a video frame, when a
annotated bounding box is provided in the first frame. Correlation filters have always
produced excellent results in terms of accuracy, while enjoying quite low computa-
tional complexity. The main property of correlation filter based trackers is to find
a filter that can generate high values around the true target object location, whereas
relatively low values for the locations away from the object. Recently, deep learn-
ing based methods have emerged to learn the optimal discriminative features to be
utilized in correlation filters with promising results. Training of such deep feature
extractors are usually performed by using both supervised and unsupervised learn-
ing techniques. In this thesis, the impact of semi supervised convolutional filters
for the visual tracking problem is investigated in order to obtain robust features pre-
dicting the object location with high accuracy and being invariant to any kind of
appearance change. Two different semi-supervision techniques are proposed and
trained on ILSVRC2015 and TrackingNet dataset separately. They are also tested
on widely used OTB50 and OTB100 tracking benchmark datasets. Semi-supervision



on ILSVRC2015 dataset leads 1.1% gain on success plot AUC value, 2.4% increase
on precision plot AUC value and 2.2% increase on success rate in terms of OTB50
benchmark parameters. Similarly on OTB100 test set, 1.9% gain on success plot
AUC value, 2.0% on precision plot AUC value and 2.8% increase on success rate
is observed during semi-supervised experiments. In addition to the semi supervi-
sion methods, two joint supervision methodologies are also examined to observe the
performance differences. The results show that both semi-supervision and joint su-
pervision perform better than the fully supervised models, and such techniques still

have superiorities on each other for different occasions.

Keywords: visual object tracking, semi-supervised, convolutional features, correla-

tion filters
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0z

YARI DENETIMLI EGITILMIi$ KATLAMALI FILTRELER iLE GORSEL
OBJE TAKIBI

SEVINDIK, EMIR CAN
Yiiksek Lisans, Elektrik ve Elektronik Miihendisligi Bolimii

Tez Yoneticisi: Prof. Dr. A. Aydin Alatan

Eyliil 2020 , sayfa

Gorsel nesne takibinin amaci ilk video karesinde isaretlenen hedefin yerini diger
video karelerinde dogru bir sekilde bulabilmektir. Korelasyon filtreleri gorsel takip
problemi i¢in her zaman hem dogruluk acisindan miikemmel sonuclar vermis olup
hem de diisiik hesaplama karmagikligina sahip olmustur. Korelasyon filtresi tabanli
takip algoritmalar1 hedefin gercekte bulundugu bolgelerde yiiksek degerler verip he-
deften uzaklastik¢a diisiik degerler verecek bir filtre bulma hedefindedirler. Korelas-
yon filtrelerinin en uygun ayirt edici 6znitelikleri 6grenebilmesi i¢in son zamanlarda
gelecek vaad eden derin 6grenme tabanli yontemler ortaya cikmustir. Oznitelik gika-
rimi i¢in kullanilan bu derin sinir aglar1 tam denetimli veya denetimsiz egitim teknik-
leri kullanilarak egitilmislerdir. Bu tez calismasinda nesnelerin farkli acilarda pozis-
yonlarini en dogru sekilde tahmin edecek gorsel takip problemi icin derin dgrenme
tabanli, yar1 denetimli 6grenme kullanilarak egitilmis katlamali niteliklerin etkileri
incelenmigtir. Bu tezde iki farkli yar1 denetimli egitim yontemi 6nerilmistir. Bu yon-
temler ILSVRC2015 ve TrackingNet veri kiimeleri tizerinde ayr1 ayr egitilip OTB50

ve OTB100 veri kiimeleri tizerinde ayr1 ayri test edilmistir. ILSVRC veri kiimesinde

vii



yar1 denetimli egitilen modelller tam denetimli egitimlere kars1 basar1 grafiginde egri
alt1 alan degeri olarak OTB50 ve OTB100 test kiimelerinde sirasiyla %1.1 ve %1.9
artig, kesinlik grafiginde egri alt1 alan degeri iizerinde sirasiyla %2.4 ve %?2.0 artis,
genel basar1 degerinde ise sirasiyla %2.2 ve %?2.8 artis sagladig1 gozlenmistir. Bu yari
denetimli yontemlere ek olarak karsilastirma amaciyla ortak denetimli methodlarda
denenmistir. Her iki denetim yontemlerinin de tam denetimli yontemden daha iyi so-
nuglar verdigi gozlenmis olup bu iki denetim yonteminin birbirine kars: uistiinliikleri

farkli kosullarda ortaya ¢cikmustir.

Anahtar Kelimeler: gorsel nesne takibi, yar1 denetimli, evrisimli siizgecler, korelas-

yon siizgecleri
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CHAPTER 1

INTRODUCTION

Modern visual surveillance and autonomous systems desire visual analysis of the tar-
get. Such systems try to convert sensor outputs to semantic meanings according to
their sub-tasks. Visual object tracking is one of these sub-tasks that has been one of
the most visited problems in computer vision with wide range of applications. These
applications include motion-based recognition, pedestrian flow analysis, anomaly de-
tection and vehicle navigation. The trajectory information of a pedestrian can help
analyzing flow on the streets. It also helps to recognize the activity of an object to
indicate whether there is an abnormal situation or not. On autonomous systems, track-
ing the target has great importance. These systems adjust their movements according
to the tracked target in order to reach their goal or prevent a collusion. For instance,
autonomous vehicles track the objects around them, and try to estimate their location

in future. By doing so, they can act before an accident happens.

Visual object tracking is required by most of these systems, therefore, attracted most
researchers’ attention. The problem seeks to find the location of an object of interest
throughout the video sequence frames with help of the visual appearance model of the
object. In visual tracking, only available information is the raw pixels of the video
frames. Therefore, there is a difficulty for obtaining distinctive and robust models for

the appearance of the target object by using the only available visual data.

Computer vision and machine learning based algorithms try to obtain best visual ap-
pearance model in order to distinguish the target object from background and other
objects around. Obviously, the main input for these algorithms is the region of interest
or image region of the target object. These regions contain raw pixels representing

object of interest that are seen as raw patterns. Computer vision based solutions



represent them in high dimensional feature space, while machine learning based ap-
proaches try to obtain best model for the object appearance while performing tracking

operation.

1.1 Challenges of Visual Object Tracking

Visual object tracking on videos is an open-ended and far-reaching problem in com-
puter vision and nowadays, in machine learning area. This thesis specifically focuses
on single object tracking on video frames. There are many challenges that should
be taken into consideration while developing a single object tracker. One of these
challenges, namely scale change, is the appearance change which can be described as
any object appearance difference between a template frame and a search frame. Scale
changes that result from objects moving towards to or away from the camera cause
considerable visual information loss. Therefore, the tracker should be able to esti-
mate the object size in multiple scales. Deformations on the object due to the various
motion types is another reason for object appearance change, thus, the tracker should

extract features that are invariant to deformations.

Another critical challenge for visual tracking is motion blur effect. Non-focused and
non-stationary cameras, and fast moving objects causes blurred frames on the video.
In such situations, localization performance of the tracker degrades significantly since
the object appearance changes dramatically. The illumination change due to environ-
mental effects, similar to the motion blur, causes challenges on trackers. Usually the
illumination change occurs abruptly when the object of interest goes into the shaded
area. Hence, the tracker should cope with this problem as well by obtaining illumina-

tion invariant object appearance model.

Abrupt motion is yet another problem for visual tracking. When the camera or object
moves abruptly, the tracker may fail if the search region is not large enough to contain
the object of interest. The erroneous result on the test frame causes incorrect update
of the appearance model, and causes drift from the actual object position. Another
reason for this incorrect update is the full or partial occlusion of the object. This

update can occur on the undesired part of the occlusion, which eventually may cause
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drift from the true location. Therefore, the tracker should be designed with a good

search area and update rule strategy to overcome these type of challenges.

With the recent developments on deep network architectures, tracker algorithms start
adopting deep networks for feature extraction due to their superior performance.
Some existing deep tracking methods either use off-the-shelf deep network models
(e.g., VGG [1]) or off-line training of a specific CNN model for feature extraction.
The Siamese trackers [2, 3] 4] utilize similarity matching for tracking task , and use
deep networks as feature extractor as well. In order to train these deep networks,
visual tracking algorithms use labeled data for supervised learning. Neural networks
usually learn very well on their training sets, and obtain a good convergence on those
sets. However, they do not perform well when they encounter data having very differ-
ent properties such as resolution, quality, field-of-view, aspect ratio. Although there
are several tracking data sets having full labels for each video, it is always desired to
use many of these sets so that the network can learn representative coefficients and
get good generalization ability. If a tracker is expected to perform best on a cam-
era, it is a good option to collect video frames from that camera and annotate them
before using on a training set. Nevertheless, annotating video frames desires heavy
human resources. Automating annotation is also a research area, and applied to sev-
eral data sets (e.g. TrackingNet [5]). In TrackingNet, forward-backward tracking
is used for data annotation and tracker evaluation. Unfortunately, these annotations

include many inaccurate labels which is not desired.

Computer vision and machine learning areas aim to solve those aforementioned chal-
lenges above. Many methods in these fields try to obtain discriminative appearance
model from object of interest using various feature extractors for improving robust-
ness against occlusions and deformations [3, 4]. These techniques also utilize ensem-
ble of trackers method to mitigate the tracking failures caused by appearance changes
of the object of interest [6]]. Unsupervised training methodology [7] is also developed

to overcome annotation problem for visual object tracking.



1.2 Scope of the Thesis and Contributions

In this work, instead of designing new network architectures in order to increase the
accuracy and robustness of visual trackers against most of the aforementioned chal-
lenges, the goal is to focus on the training strategy and investigate the effect of incom-
plete supervision on the performance. The reason of analyzing training strategy rather
than the network architecture is the rapid developments on the deep learning areas has
resulted in rapid performance increase on the trackers as well. The research efforts
mainly focused on mostly supervised or sometimes unsupervised learning methodolo-
gies, and they have reached to a point that seems challenging to take a step forward.
Therefore, it is noteworthy to pay attention to semi supervision and joint supervision

for visual tracking problem.

There are numerous supervised and unsupervised visual object trackers. DCFNet
[8] and UDT [7] are two well-known algorithms from the literature and in this the-
sis, they are adopted for examining the effect of incomplete and joint supervision.
DCFNet [8] is a correlation filter based tracker having light-weight CNN backbone
as feature extractor. DCFNet is trained in supervised manner by using NUS-PRO [9],
TempleColor128 [10] and UAV123 [[11] data sets, and tested by OTB100 [12]. On
the other hand, UDT is the unsupervised trained version of the DCFNet tracker that
utilizes ILSVRC2015 [13]] dataset. Similar network architecture and training settings
are utilized for CNN backbone part for both CFNet and UDT; moreover, the corre-
lation filter part is exactly the same as well. Therefore, DCFNet tracking algorithm

becomes a perfect sample for incomplete and joint supervision trials.

In this thesis, two different incomplete supervision approaches are experimented. One
of these techniques is performed in such a way that the training batch samples are se-
lected either from labeled version or unlabeled version of the data set according to a
predetermined probability. In other words, if the probability is set to 0.3, supervised
samples are selected from the labeled instances with probability being equal to 0.3 .
Otherwise, the samples are selected from the unlabeled instances. As an example, if
there are 100 iterations during training, 30 of them are labeled instances, and 70 of
them are unlabeled instances. Whenever the labeled samples are selected, the error

calculation is performed according to the supervised learning scheme. On the other
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hand, the error is calculated according to the unsupervised learning scheme, if the
unlabeled samples are selected. In the rest of this thesis, the explained method is
denoted as weakly supervised training in the document. For the other tested method-
ology, the probability value is swept from value 1.0 to 0.0 during training. This
experiment is also divided into two parts. While the probability value is continuously
being decrease in SWU_C, the other approach decreases the probability value in a dis-
continuous manner, namely SWU_P. As a typical example for SWU_C methodology,
the probability value is set to 1.0 in the first epoch. The probability value is decreased
at each epoch in a manner that it becomes 0.0 at the final epoch. However, SWU_P
method sets the value to 1.0 for first NV epoches, and then evenly decrease it after each

N epoches so that the value becomes 0.0 for last N epoches.

In addition to the incomplete supervision, joint supervised and unsupervised train-
ings are also performed to investigate their effect on the tracker performance. The
loss values of the supervised and unsupervised learning schemes are combined by a
weighting parameter together to obtain a final loss value during a training iteration.
These method is also divided into two parts. One is called JSU where control param-
eter value is fixed throughout training, whereas the other one ,named as JSU_SWU,
has gradually decreased the control parameter value after each epoch during training.
JSU_SWU method is also split into two. One has continuously decreased the value
after each epoch and denoted as JSU_SWU_C. Other one has partially decreased the

value similar to the one in incomplete supervision, and denoted as JSU_SWU_P.

The semi supervised and joint supervised experiments are conducted separately on
two datasets, which are ILSVRC2015 and TrackingNet. Tests are performed on the
OTB50 and OTB100 benchmark sets.

Our contributions can be summarized as follows:

e To the best of our knowledge, the proposed methods are the first incomplete su-
pervision training techniques, which are investigated for visual object tracking

task
e Improved and robust feature extraction of a correlation filter based tracker
e Obtaining better results with incomplete supervision than the fully supervised

5



1.3 The Outline of the Thesis

Chapter 1 includes the motivation for the problem and problem statement, which is

followed by the contribution to the problem.

The literature survey about the concepts and the terms of visual tracking are intro-
duced in Chapter 2. The relevant scientific efforts that attack the challenges regarding

the visual single object tracking are also examined in detail in this chapter.

Chapter 3 presents the architecture, training methodology, implementation details and
some preliminary results of DCFNet and UDT trackers, which are the algorithms

mainly used during the experiments.

Chapter 4 starts with providing information about purpose of the experiments, uti-
lized network architecture, datasets and evaluation methodology. It continues with
detailing the experiment groups. Finally, results and the analysis for the supervised,

unsupervised, semi supervised and joint supervised trained models are presented.

Chapter 5 concludes the thesis by emphasizing the importance of the problem and

summarizing the work done.



CHAPTER 2

LITERATURE SURVEY AND RELATED WORK

Single or multiple object tracking has been the main purpose of visual object tracking
task, however, the purpose of this study is confined to single visual object tracking.
This research aims developing new training technique to alleviate the weaknesses of

current algorithms for single object tracking.

One of the most important developments in recent visual tracking research was ex-
tensive adoption of discriminative methods. The main component of most modern
trackers is a discriminative classifier, aiming to distinguish between the target and
the surrounding environment. Given an initial image patch containing the target, the
goal is to learn a classifier to discriminate between its appearance and that of the

environment.

In this chapter, correlation filter based and regression based trackers are explained
in detail. Their solution to the tracking problem and how they attack to mitigate
challenges of it are investigated. After that, semi supervised training methodology is

described.

2.1 Correlation Filter Based Trackers

Correlation filter based (CFB) tracking methods rely on template matching idea that
is based on matched filter theory. CFB trackers aim to find a good template that rep-
resents the object of interest in feature space, which is also called as correlation filter.
The main goal is to output a good correlation plane when the correlation operation

between this filter and the candidate object instance is performed. The expected result
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of this correlation (or equivalently convolution) operation is a peaky-shaped signal.
The peak location should occur at the true center of the object location. Correlation
filter is perceived as discriminative regressor model since it is developed according to

a desired correlation plane.

Large images or long signals can be problematic in terms of computation since it re-
quires O(n?) multiplications (n is the signal length). Therefore, circular correlation
is commonly used instead of linear correlation. The circular correlation can be per-
formed in frequency domain with element-wise multiplications according to the Fast
Fourier Transform (FFT) and Convolution Theorem. The correlation operation be-

comes much faster in terms of computation since FFT has O(n log n) complexity[14].

Before going into details about the correlation filters, the correlation and convolution

theorem is reminded as follows:

2] =) zlmlyln —m] = FH{X @Y} (21)

z[n] = Zx[m]y[n +m]=F HX*OY} (22)

For two one-dimensional discrete signals, x and y having equal length, equations
and (22) show the correlation and convolution theorem, respectively. Lower case
letters denote the signals in the spatial domain whereas capital letters represent the
signals in frequency domain unless stated otherwise. F and F ! are Discrete Fourier
Transform (DFT) and inverse DFT, respectively, while the symbol ® shows element-
wise multiplication. The subscript * represents the element-wise complex conjugate,
and x[n — m] is considered to be circularly translated version of x[n| by an integer
amount mm to the right as in the case of these equations. The theorem can be extended

into two-dimensional case because DFT has a separable 2-dimensional definition.

Discriminative correlation filter based tracking methods are discussed in the upcom-
ing subsections by detailing their solution to variety of challenges in visual object

tracking.



2.1.1 Discriminative Correlation Filters

A pioneering study on discriminative correlation filters is published in [15] for vi-
sual tracking by Bolme et al., known as Minimum Output Sum of Squared Error
(MOSSE). In MOSSE, the correlation filter is calculated by minimizing the cost func-
tion which is the sum of squared errors between the desired correlation response and
the correlation of the filter for each training sample. Closed form solution for the cor-
relation filter exists since the circular correlation and Convolution Theorem make it
possible to operate in frequency domain. In MOSSE, the foreground and background
are learned discriminatively since correlation responses at all possible circular trans-
lations of each training samples are utilized. Because of the existence of closed form
solution, the computation is performed efficiently in frequency domain. This makes

MOSSE algorithm run much faster than real time.

In the following part, the computation of basic correlation filter computation for track-
ing task is described. When the tracking process is started, it is assumed that there are
set of training examples {x;} |, where N represents the number of examples. Each
x; denotes an MxM two dimensional object patch. Furthermore, for the training
samples and a filter w, {y;}¥, are the desired correlation responses. y is desired to
be centered when the object x is centered regarding to the bounding box of the target.
Moreover, when x is shifted from the center by some amount, y should be shifted
from the center at the same amount as well. The desired response y is assumed to be
a peaky-shaped Gaussian. The peak location is expected to be shifted from center as

x is shifted. In order to enforce this resemblance, the following equation is utilized:

N
Wopt = arg mmz Jw® z; — yi||? (23)

=1

where w,,; s the derived correlation filter and ® is the circular correlation operation.
This circular correlation operation in (23)) can be written in the frequency domain

according to the correlation theorem as follows:

N
R— y * e — . 2
Wape = axg i 3 |1 © X, = il 24)
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The term inside argmin in (24) can be expressed as in (25)) due to the element-wise

multiplication operations.

N

L=) WOoOWeX 0oX;+Y 0, -WoX,0Y-WoX oY, (25
i=1

When the derivative of function in (25) is computed regarding to 1W* for all of its

elements, the derived equation is:

oL
ow=

N
=Y WoX/oXi-X,0Y; (26)
=1

When we set the equation (26)) to zero, W is computed as:

_ Zi\il Xi © Yz*
Zij\il Xi* © Xi

(27)

To find the object location, when the filter IV, is obtained at the t** frame, the in-
coming frame 7;,; is transformed to frequency domain as X;;. Afterwards, it is
element-wise multiplied by W, resulting in obtaining the response Y;;; on frequency
domain. The calculated response v, is obtained basically by taking its inverse DFT.
The pixel location where v, has the highest value indicates the shift from the center

of object.

In frequency domain, W is the correlation filter which minimizes the cost in (23)). Be-
cause of the Fast Fourier Transform algorithm, the calculation of W has complexity of
O(M?log(M)) . M?xM? matrix operations would be required if the operations were
done on time domain. This makes correlation filter a suitable solution for tracking
problem that can run real-time even on weak hardware. A standard correlation filter

based tacking is visualized in Figure 2.1]

2.1.2 Update Rule

While performing tracking operation, the target object usually goes under appearance

transformation when it goes through dissimilar lighting conditions, by changing its
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Figure 2.1: Standard CFB tracking workflow. Main purpose is to obtain a correlation
filter whose correlation response with the unlocalized object will result in a Gaussian

response where its peak value is at the true location.

rotation, pose, scale, or by exposing non-rigid deformation. Therefore, correlation
filters must swiftly change itself in order to follow objects correctly. An efficient

algorithm adopted by MOSSE[13]] is running average method described as follows:

Ay = (1 — ) A + a(Xe1 © YY),

(28)
Biyi = (1—a)B: + (X1 © X)),
A
Wil = 29
=g (29)

where W, is the updated correlation filter at frame r+17, X, is feature map of
cropped object patch and Y}, is the desired centered Gaussian response in the fre-

quency domain.

MOSSE was the path-breaking method in the CFB visual tracking algorithms, and

it can run beyond real-time. Nonetheless, MOSSE algorithm is not suitable for sig-
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nificant scale changes on the object. Furthermore, utilizing single feature map is not
sufficient for proper tracking when the appearance change damages the representa-
tion property of the filter. Henceforth, to solve these problems, methods that utilize
multi-scale search steps and include multiple feature maps [[16, [17] are proposed. To
embed the multi-channel property, the feature maps of training example x {2, ..., 2¢},
which is composed of particular feature maps having the dimension same as the object
patch is utilized. In addition to that, a regularization term is joined to the loss function
to prevent correlation filter coefficients to become large. When these properties are

added to the loss function, it becomes as follows:

t

d d
Liw) =Y 1w ®ai) —wl? + 1) o' (210)
=1 =1

k=1

The equation (210) has also close form expression in the Fourier domain but for only
one training example. After necessary calculations similar to single channel version,

the correlation filter in frequency domain becomes as follows:

; Xtoy:

= (211)
S XM © XmE )\

Here ) is the L2 regularization term parameter of the filter. The update rule is also

changed slightly as stated in (212):

Al
Wl _ t+1 212
U B+ A (212)
where nominator (A) and denominator (B) calculation are changed as well:
AL =1 - A+ a(Xl, 0V, e {1,2,...,d},
(213)

d
Biyi=(1-a)B + QZXZ+1 O Xit) + A

=1
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2.1.3 Scale Estimation

Scale estimation is another challenge for visual object tracking. One of the solutions
is to create the input at multiple but different scales and compute correlation between
the filter and the inputs to find the scale change on target dimensions. The samples
{2, },e ([155],.., 551y are brought out at the scales a” according to the current target ob-
ject scale and centered at the previous target object location. S represents the number
of scales and a is the scale increment factor. The sample z, is generated by re-scaling

the input with respect to a” before the feature extraction.

Similar to aforementioned solution, discriminative scale space tracking (DSST [18]])
uses d multi-channel feature maps for S scale factors. With addition to the standard
correlation filter w for localization, they have introduced scale correlation filter w.qe
for calculation of appropriate scale. The computation of scale filter wg.qe 1S per-
formed using scale samples w, € R, The suitable scale is calculated by finding
the scale having the largest number on the response map of the scale filter and test
sample. By doing so, the exhaustive scale search is prevented. Hence, the method

manage to operate real-time.

2.1.4 Spatial and Temporal Regularization

Discriminatively learned correlation filters, which assume periodicity on the training
image patches to learn a classifier on all patches in the target surroundings efficiently,
have been successfully used to solve the tracking problem. Nevertheless, the pe-
riodic assumption also comes with undesired boundary effects, which damage the
tracking quality. The authors of spatially regularized discriminative correlation filters
(SRDCEF [19]) proposed to penalize correlation filter coefficients on the boundaries
during learning process by introducing spatial regularization component. With the

addition of spatial regularization term, the loss function becomes as:

t d d
L(w) =Y 1O w' @) —gll> + A ) I1f - wil? (214)
=1 =1

k=1
where f is the regularization term. Although the additional term has violated the
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closed form solution and increases complexity, authors managed to solve it efficiently
using iterative Gauss-Seidel method in the frequency domain. The introduced spatial
regularization component led to more discriminative appearance model for correla-
tion filter. Henceforth, SRDCF has outscored the many of the DCF based tracker
when it was published in 2015.

During online tracking, when a new frames come one after another, the algorithm
first tries to find the location of target object, then updates the filter based on the
new location. However, when occlusion occurs on the object of interest, the update
process causes the filter to learn occluding object instead of the target object, which
results in the tracking failure. In order to prevent this problem, STRCF [20]], namely
spatial-temporal regularized correlation filters, proposes temporal regularization in
addition to the spatial regularization. The main purpose is to prevent filter to change

significantly, therefore, they have utilized the following loss function:

D
o1
Wopt = arg mﬂf”ﬂ(z wt ® ) —y|I* + Z I1f - w?|? + Hw —we|* (215)
d=1

where w;_; represents the correlation filter in the (+ — 1) frame, and u represents
the regularization parameter. Although there is no direct closed form solution, the
function in (2135)) is convex, and globally optimal solution can be obtained by mini-
mizing it via alternating direction method of multipliers (ADMM). Unfortunately, the
iterative solution due to ADMM has decreased the efficiency of the algorithm signif-
icantly. However, the performance increase in terms of accuracy and robustness has

shown its effectiveness.

2.1.5 Feature Extractors

DCF based trackers have used variety of features to learn discriminative filters for
increasing the performance of trackers. First introduced MOSSE tracker used only
gray-scale samples to train the filter. For multi-channel filter on multi-dimensional
features, Histogram of Oriented Gradients (HOG [21]) and Color-Names [22] have

utilized. Following the developments on deep learning algorithm, convolutional fea-
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tures which are trained independently from other tasks like image classification are
started to be used on feature extraction for correlation filter training in tracking. This
has greatly enhanced tracking performance. Illustrations of HOG and deep network

features are done in Figure [2.2] and Figure [2.3] respectively.

Input image

Histogram of Oriented Gradients

Figure 2.3: Illustration of deep features extracted from Conv2, Conv3, Conv4 and

Conv5 layers of VGG network [23]]

One of the first studies on end-to-end representation learning using convolutional
filters for tracking was done by DCFNet [8]. With the emergence of vast labelled
tracking datasets, instead of using pretrained networks which are hand-picked and
heavy-weight, DCFNet tried to learn a very light-weight network while preserving
correlation filter properties. Utilizing the standard DCF loss function for backward
propagation, DCFNet trains light-weight convolutional network to learn features in

an end-to-end style while being suitable for CFB tracking. After an offline learn-
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ing process, online tracking is used for evaluation. The algorithm first extracts the
feature maps of target object in the reference frame using trained convolutional neu-
ral network. The correlation filter is trained using these feature maps with standard
multi-channel formulation. After that, the feature extraction process continues on
the predetermined search region of incoming target frames. Finally, the correlation

between the filter and target feature maps indicates the location of object.

2.2 Regression Based Trackers

In the recent years, deep convolutional networks trained from large supervised data
sets have been adopted to solve most of the problems in computer vision. For visual
tracking problem, in order to extract discriminant features for the correlation filter,
deep networks are exploited. Either pretrained networks or end-to-end trained net-
works have been utilized. The fully convolutional solution to tracking problem was
proposed in SiamFC [2]]. They proposed a different approach to the correlation fil-
ter, and advocated a general similarity learning property. Specifically, they trained a
Siamese network to find the location of object of interest in a template image within
a wider search image by computing cross-correlation of the features of these inputs

as it is shown in Figure [2.4]

z ¥ >
127x127x3 6x6x128
n
n
/ 17x17x1
— P —>

22x22x128

Y

T

255x255x3

Figure 2.4: The overview of SiamFC architecture[2]]

Fully convolutional property makes it possible to use much larger search image size
instead of same size as template image as in the case of correlation filters. By this

way, in one evaluation, all translated sub windows are computed on a dense grid. To
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perform this operation, feature extractor function ¢ is used and the resulting feature

maps are cross-correlated:

f(z,2) = 6(2) x ¢(x) + b (216)

As shown in Figure the output of this network is a kind of heat map defined
on a finite grid D C Z2. Search frame is cropped according to the previous size
of the target and center location. The maximum value on the score map is taken
into account during online tracking. The position of the value relative to the center
indicates the positional shift of the target object on the search frame. The amount
of shift multiplied by the stride of the network shows the actual displacement on
the search frame. To detect scale changes, mini-batch of multiple scaled images are
combined and given to the network as a single input. The output is also a mini-batch
of score maps corresponding to the different scales. The score map that gives the

maximum score is chosen to be current scale.

Logistic loss is employed to train the network with using both negative and positive

sample pairs:

I(y,v) = log(1 + exp(—yv)) (217)

where v is the score of a sample pair and y € {+1,—1} is the ground-truth label.
Since the output of SiamFC is a 2D score map, the logistic loss function can be

extended as follows:

L(y,v) = ol > " U(y[ul, vfu)) (218)

where D — R is number of scores in the score map. The network part is trained
using Stochastic Gradient Descent (SGD) and logistic loss described in (218)). The

elements of the score map are considered belonging to a positive sample if they are
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within radius R of the center:

+1 ifjlu—¢]| <R
ylu] = (219)

—1 otherwise.

SiamFC is first of its kind in terms of fully-convolutional model and similarity learn-
ing but not the last. Although the algorithm performs competitively against its rivals
when it was published, the bounding box regression still depends on the multi-scale
search. The problem with the multi-scale search is that the aspect ratio never changes
throughout the tracking process although the target object changes significantly in
terms of aspect, which eventually degrades the tracking performance. In the upcom-

ing subsections the two solutions to this problem are explained.

2.2.1 Region Proposal Networks

With the emergence of SiamFC-like trackers, it is observed that deep learning based
trackers can beat the state-of-art CFB methods. In order to solve scale and aspect ratio
problems, inspiring from object detection algorithms, SiamRPN [3] introduces region
proposal network for bounding box regression alongside with the object classification.
Similar to SiamFC, SiamRPN includes template and detection branches. The network

part of SiamRPN is trained offline in an end-to-end fashion using large scale datasets.
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- 20% 20 256 : )L
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e d d{ldwdh
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Frame 22x 22% 256 j :
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255% 255 3 e D mig
--------------------------------------------------------------------- groups
Siamese Network Region Proposal Network

Figure 2.5: The overall framework of Siamese-RPN|3]

As it is shown in Figure [2.5] the proposed method consists of a Siamese feature ex-

traction and region proposal (RPN) subnetworks. The two branches in RPN subnet-
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work are responsible for proposal refinement and foreground-background classifica-
tion. The overall system is trained end-to-end using sample pairs comprehending
the target objects. The Siamese feature extraction subnetwork consists of modified
AlexNet [24] in which the paddings are removed, and the groups from conv2 and
conv4 are extracted. The template and detection branches share parameters of fea-

ture extractor network. For convenience, two output feature maps are represented as

¢(2) and ¢ ().

The RPN part of SiamRPN is composed of supervision and correlation sections. The
supervision part has two branches for classification and proposal regression. The
network is designed to output 4k channels for regression and 2k channels for classi-
fication when there are k number of anchors. Therefore, the correlation parts firstly
expand the number of channels of feature map of template branch, which have 2k

and 4k times in channel, namely [¢(2)],, and [¢(%2)],.,. using two convolutional lay-

reg’
ers. The feature map from detection branch is also fed into two different convolution
layers that preserves the number of channels, namely [¢(z)],, and [¢(z)] The

reg’

correlation is performed on both branches as follows:

Aiih:ﬂk = [¢(x)]cls * [¢<Z>]cls
A:ue:ghxélk - [gb(x)]reg * [gb(z)]reg

(220)

where x represents the convolution operation.

The feature maps of template branch are utilized as a convolution kernel. 2k chan-
nel vector in A%, .. represent the positive and negative activation for each anchor
in relative position of original feature map. Similarly, 4k channel vectors in A7 9, ..
indicate dx, dy, dw, dh which are used to calculate distance between corresponding
ground truth and that anchor. For supervision on the classification branch, softmax
loss is utilized. Cross-entropy loss is adopted for classification branch error calcula-

tion. For regression, smooth L; loss with normalized coordinates is used.

Assuming that A, A,, A,,, Aj, indicate center location and shape of the anchor boxes,

and for ground truth boxes, 17, T,, T, T}, are utilized , then normalized distance can
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be written as:

T, — A, T,— A
6[0] = O[] = ———
Ay Ay
T T (221)
§[2)=n =263 =In -
2 =ln 38 =In "
They are fed into the smooth L, loss which is as follows:
0.50%22, |z| < %
smoothp, (x,0) = (222)

Y=

2] = 552, |2 >

While L., indicates the cross-entropy loss, the regression loss can be written as fol-

lows:

3
Lyeg =Y _ smoothy, (6[i), o) (223)

1=0

Finally, the total loss can be written as follows:

loss = Lejs 4 ALyeg (224)

were ) is hyper-parameter to control the effect of two loss functions.

During the training, image pairs from Youtube-BB[25] and ILSVRCJ[13] are ran-
domly chosen. Feature extraction part is pretrained using ImageNet [26]]. Positive
and negative instances are chosen according to a strategy. The anchors which have
IoU > 0.6 are defined as positive instances, while the anchors having loU < 0.3
with the ground truth boxes are denoted as negative instances. Furthermore, number
of samples for each pair is limited to 64 samples in which at most 16 of them are

positive.

No parameter update is done during online tracking, and the classification branch is

exposed to the cosine windows multiplication in order to prevent large displacement.
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Also, to penalize large size and ratio changes, the following penalty is applied:

/

penalty — ek*maa:(%,%)*max(s%,% (225)

where k is a hyper parameter, r and 7’ indicate ratio of height and width of the proposal
and that of last frame, respectively. s shows the overall scale of the proposal and s’

denotes that of last frame.

After performing these operations, the anchor result on regression output map that is
corresponding to the one having largest confidence score on the classification output
map of positive part is chosen to be used. Target location and size are updated ac-
cordingly. This algorithm have beaten almost all of the state-of-the-art trackers when
it was published in 2018, and it was considered as a milestone in visual tracking
since the gap between object detection and tracking has been decreased significantly.
Moreover, the scale and aspect ratio of the object bounding box are computed much

better than the other visual trackers.

After this astonishing work, tracking community tried to utilize deeper neural net-
works in order to increase discrimination ability of the trackers. However, using
deeper networks for feature extraction did not result in better tracking performance
as expected. The reason behind this is that localization ability of the algorithms de-
creased as the network goes deeper due to increasing receptive fields of neurons.
SiamRPN++ [4] has managed to utilize ResNet50 [27] as a feature extractor by mod-
ifying the network so that the receptive fields do not become too large. SiamRPN-++
also utilized feature from middle layers for classification and regression as it is illus-

trated in Figure 2.6]

These additional features made SiamRPN++ one of state-of-the-art algorithm, and

still to be beaten up to date.

2.2.2 Intersection Over Union Net

The developments on the object localization methods for object detection continue

to inspire visual object tracking algorithms. One of the object detection algorithms,
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Figure 2.6: The general view of SiamRPN++ framework[4]].

known as IOU-Net [28]], claims that modern object detectors, using non-maximum
suppression (NMS) and bounding box regression to localize objects, pay attention to
the classification confidence while the localization confidence is not available. They
indicate that this makes accurately detected bounding boxes vanished during NMS.
IOU-Net substitutes classification confidence with the predicted IOU. This technique,
namely IOU-guided NMS, helps to prevent the suppression of accurately detected
bounding boxes due to the misleading classification confidences. They proposed an
optimization-based bounding box refinement method that predicts the IOU between
the detected bounding box and ground truth box. By solving the IOU optimization
with gradient descent, they tried to increase the IOU value between detected box and

ground truth.

After the inspiration on IOU-Net methodology, the ATOM [29] tracker proposed
to use similar IOU optimization for target object localization. The overview of the
ATOM tracker is shown in Figure Similar to the Siamese trackers, this algorithm
also extracts feature maps for reference and test images using a deep network, namely
ResNet-18[27]]. IOU-predictor network is used for target location estimation. IOU-
predictor network takes four inputs: bounding box of the target object in the reference
image, backbone feature maps from reference image, bounding box proposals in the
test image and backbone feature maps from test image. It outputs the predicted IOU
score for each of the test image bounding box proposals. During online tracking,

the bounding box estimation of the target object in the test image is calculated using
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Confidence

gradient descent by maximizing the IOU score.

Although the bounding box estimation is done in a good way, the target estimation
module has difficulties to distinguish between background objects and target object.
Therefore, a second head on the target estimation module (’Classifier’ block in Figure
2.7) is employed to improve the estimation module, whose main purpose is to carry
out this discrimination. The goal of classification module is to provide a rough 2D-
location of the object. Although other parts of the network are trained offline, the
classification part is trained in an online manner. The target classification module is

2-layer fully convolutional neural network, formally defined as:

fx;w) = ¢o(ws * ¢1(wy * x)) (226)

where * indicates multi-channel convolution, {wy,ws} are network parameters, x is
the feature map resulting from backbone network, and ¢;, ¢, denote activation func-

tions. Following the success of the CFB approaches, a similar objective function is
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used for classification error:

L(w) =Y %l (f (w5 w) = yll* + > Ml (227)
j=1 p

where z; is feature map of training sample, y; € R"** is a Gaussian function, ~; is
the weight on samples and ), is the regularization term for the network parameters

We .

Due to slow convergence of stochastic gradient descent (SGD) based optimization
approaches, authors proposed more sophisticated optimization strategy that is faster,
therefore, more suitable for online learning during tracking. The solution includes
Gaussian-Newton approximation and Conjugate Gradient method. Since the full ex-

planation is outside the scope of this thesis, it is not explained in detail (see details in

[30D).

Similar to SiamRPN++, the improvement on the bounding box regression and classi-
fication part made ATOM algorithm to become one of the state-of-the-art trackers in

the modern era.

2.3 Semi Supervised Training

Machine learning has tried to solve various problems using supervised learning tech-
niques, and achieved great success particularly in classification and regression. Train-
ing datasets, that contain large amount of training examples, are used to learn predic-
tive models. However, it is difficult to obtain strong supervision for every task due
to high cost of labeling process. Therefore, developing weak supervision methods
for machine learning algorithms is an important task. In this section, weakly super-
vision techniques used in machine learning algorithms are going to be investigated.
In general, three types [31] of weak supervision are going to be reviewed, which are
incomplete, inexact and inaccurate supervision. In Figure these three types are

1llustrated with their subsections.

Inexact supervision deals with the situation where there are labels for supervision but
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Figure 2.8: Illustration of three typical types of weak supervision[31].

not as exact as desired. For example, it is exhausting to label every frame where an
anomaly occurs on anomaly videos. However, it is known that the video contains at
least one anomaly type. Formally, the task is to learn if a video segment contains ab-
normal situation or not. [32]] treats anomalous and normal videos as video segments
and bags. Video segments on an anomalous video constitute a positive bag whereas
segments on normal video generate a negative bag. This methodology is also called
Multiple Instance Learning (MIL). Video segments in each positive and negative bags
pass through a classifier network that generates a score for each segment. MIL related
loss function tries to maximizes the difference between the maximum score on posi-
tive and negative bags. This type of solutions using MIL has been successfully applied
to various tasks, such as image/text categorization/retrieval/annotation [33, 34, 35]],
object detection [36], object tracking [37] etc. In these tasks, it is a design choice for

what to use as an instance (image, text, video segment) in a bag.
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Inaccurate supervision tries to solve the problem of the supervision information that
is not always ground truth. More precisely, some labels may contain errors. The erro-
neous labels may result from incapable human expert annotators for the labeling task.
There may also exist adversaries who annotate incorrect labels deliberately. A basic
idea is trying to identify the potentially wrong labels, and then try to do correction on
them. A data-editing [[38] approach is developed for this purpose. Another scenario of
inaccurate supervision is crowdsourcing. It is used to outsource unlabeled instances
to a large number of annotators. A famous crowdsourcing system is Amazon Me-
chanical Turk (AMT). To infer the ground truth from the crowd, many methods are
developed, such as majority voting strategy with ensemble methods [39]], expectation

maximization (EM [40]]), the minimax entropy principle[39] etc.

Incomplete supervision deals with training data having only a subset of it is labeled
while the remaining part is unlabeled. There are two major methodologies exploiting
incomplete supervision, i.e. active learning [41] and semi-supervised learning. Ac-
tive learning tries to classify unlabeled instances whether they are suitable for training
or not. By doing so, the labeling cost for training can be minimized. Active learning
utilizes human experts or some algorithms as ’oracle’ for choosing most valuable un-
labeled samples to be labeled with ground truth. Generally, active learning algorithms
utilize two selection methods, i.e. informativeness and representativeness. Represen-
tativeness tries to predict whether an instance is beneficial to constitute structure of
main task better. Nonetheless, informativeness is interested in decreasing the uncer-

tainty of the model by measuring the unlabeled sample.

Active learning tries to utilize human interaction to exploit unlabeled data, whereas
semi supervised learning does not require any human intervention. It makes use of
both labeled and unlabeled instances to train a model. Semi supervised learning has
a special type called transductive learning. Different to the semi supervised learn-
ing, it assumes that unlabeled data is actually the test data, tries to maximize the
performance on it. However, unlabeled data is not assumed to be test data in actual
semi supervised learning. The workflow of active, transductive and semi supervised

learning methodologies are shown in Figure [2.9]

Semi supervised learning can be investigated in four methods. First one is gener-
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ative methods that expect unlabeled and labeled data to be composed in same do-
main and shows similar properties. Generative methods try to estimate unlabeled
samples by using algorithms like EM (Expectation Maximization) [42]. In order to
make generative methods work, domain specifications must be known in advance.
Second method is called as graph based methods. These methods generate graphs
where nodes are training samples and edges are similarity measure between them,
such as distance. The efficiency of these methods are generally depends on structure
of the graph. Computational complexity of graphs becomes usually very high when
the number of samples are large. Moreover, it is hard to settle in unlabeled samples
without reconstructing the graph. Third approach to semi supervised learning is low
density separation. The purpose of this method is to make the classification boundary
pass through low density region in the sample space. The well known method for
this approach is S3VM [43]] that attempts to draw boundary line on less dense region
while classifying the labels accurately. S3VM is a sophisticated optimization prob-
lem that depends on the efficiency of it. Fourth method is denoted as disagreement
based method. Multiple models participate to utilize unlabeled samples. A model,
having very confident result on an unlabeled sample, sets its output as a label to the

unlabeled sample, and transfer this information for training of another model. This
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methodology is also seen as an automated active learning.

2.3.1 Object Detection and Semantic Segmentation

In this section, a short literature review on weakly supervised object detection and

segmentation is described.

With the success of data-driven object detection on the literature, benchmark datasets
are getting larger and larger. As the number of sets enlarges, the annotation workload
also increases. That results in heavy human resource, a lot of time and cost. There-
fore, researches try to create weakly supervised object detector models, e.g. using
only category labels instead of bounding boxes while learning a detector. Most of the
works on the literature utilizes the MIL paradigm [44) 45, 46]. A hypothesis states
that among the bounding box proposals the actual one should contribute to image
classification more than the others. Therefore, MIL based studies try to put larger
weights to the proposals which are consistent with the classification labels. With re-
cent developments on deep learning, MIL based methods are combined with deep
networks [47, 48|, 49]. This has significantly enhanced the accuracy of MIL based

methods.

In WSDDN [47]], two branch detection is proposed. One branch is responsible for
proposal selection, while other branch acts as proposal classifier. The method starts
with ImageNet pretrained existing network such as AlexNet. After dividing image
into regions R, the region-level features are extracted from the top of the CNN con-
volutional layers using spatial pyramid pooling. Subsequently, the network is divided
into two branches, denoted as recognition and detection. On the recognition branch,
pooled region-level features are associated with a class score. On the other hand, the
detection branch tries to compute a probability distribution over region-level features
to decide the region having most salient structure. Finally, two branches are merged
in order to classify the whole image, which is used to provide supervision during

learning. The overview of WSDDN is shown in Figure
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Figure 2.10: The overview of Weakly Supervised Deep Detection Network[47].

After promising results of WSDDN, most of the latter works continue to improve
the algorithm. With the addition of recursive refinement branches in [48], WSDDN
is further enhanced. Another promising and effective study is performed in [S0] by
learning models from easy to hard progressively and using continuation optimization.
In addition to these single-stage models, multiple-stage models are also developed in
which the single-stage detection results are used as pseudo labels. WSDDN is also
used as a image difficulty estimator in [51] in order to train Fast-RCNN [52] with

curriculum learning strategy.

Semantic segmentation is also another way to localize objects. In [S3], in order to
learn category labels for segmentation map in a weakly supervised manner, segmen-
tation map from output of a network is taken and merged with global classification
prediction. [54] tries to add positive and negative evidence into aggregation func-
tion in order to represent both presence and absence of the target class. To drive the
network for generation of responses on the undetected parts, [55] proposes masking
the response region of the former forward passes with recurrent adversarial learning
strategy. Segmentation is also utilized in weakly supervised object detection since
there are relations between detection and segmentation. Map resulting from seg-
mentation branches is used to eliminate false positives on detection branches [56].
[S7] proposes utilizing weakly supervised segmentation models for both generation
and elimination of proposals. More recent work [58] proposes a better collaboration
model using generative adversarial localization structure, and obtains state-of-the-art

results on PASCAL VOC 2007 [59] and 2012 [60] datasets.
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2.3.2 Pose and Depth Estimation

In this section, a brief related work is given about weakly supervised pose and depth

estimation methods.

Various studies have emerged for unsupervised and weakly supervised depth esti-
mation in the literature. Garg et al. [61] proposed that ego-motion and depth can
be learned at the same time using the known inter-view displacement and predicted
depth to compose reverse warping of the target frame. [62] illustrated a fully dif-
ferentiable solution to predict ego-motion and depth utilizing deep networks. Wang
et al. [63]] used direct visual odometry with differentiable implementation to train
a depth CNN predictor. In [64], randomized layer normalization was proposed dur-
ing training, and occlusions were attacked differentiably and geometrically. In [65],
features of left and right stereo pairs were extracted using Siamese network. These
methods performed learning without any labeled data on depth estimation, however,
the performances were lower than the supervised methods. Some methods tried to
solve this task utilizing weakly labeled pixel pairs. Chen ef al. [66] tried to gen-
erate relative depth maps using hourglass network trained on weakly labeled pixel
pairs. In [67]], structure-from-motion algorithm was used to create depth ground-truth
for landmarks, and then generated weak pixel pair labels from landmarks and fore-
grounds. Most recent work SUW-Learn [[68] purposed joint supervised, unsupervised
and weakly supervised learning scheme for depth estimation. Supervised learning
is performed in a conventional way such that the network tries to estimate depth,
and loss is generated using the ground truth depth. Weakly supervision is performed
by utilizing weakly labeled pixel pairs similar to [67]. The unsupervised learning is
staged for ego motion estimation. It simply takes 3 successive frames and depth esti-
mation of the network as inputs, and tries to estimate the camera motion. Loss values
of these three learning models are summed for total loss estimation, and the network
is optimized accordingly. The aforementioned methodology is illustrated in Figure
[2.T1] The results show that the network has better generalization ability leading the

results being better than supervised learning only.
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Figure 2.11: The overview of learning schemes used in SUW-Learn[68]]

Similarly, there exist several semi-supervised learning methods for human pose esti-
mation as well. However, due to the difficulty of this work, designs are limited to the
simpler tasks. For example, using only walking part of the human pose sequences,
3D pose models are trained using manifold regularization and GMM-based cluster-
ing to learn unlabeled data in [69] and [70]. Also, huge amount of synthetic images
are generated to overcome data shortage. In [71]], the pose estimation of the net-
work is evaluated using action-specific pose model if there is no label for that specific

instance. True positives are regarded as pose annotations and re-learned.
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CHAPTER 3

SUPERVISED AND UNSUPERVISED DCF BASED TRACKERS

3.1 DCFNet: DCF Network For Visual Tracking

gk p(x)
x: 125 x 125 x 3 125 % 125 x D DCF
4 ©(z)
»
z:125 x 125 x 3 125 x 125 x D

Figure 3.1: The general DCFNet architecture

DCFNet tracker, whose architecture is shown in Figure@ trains discriminative cor-
relation filters on the features of the target patch ¢(z) € RM*N*D and the ideal output
y € RM*N that is a peaky-shaped Gaussian function at the center. By minimizing the

output ridge loss, the desired filter w is obtained using:

D D
e=[1D w @ (zx)—yllP+ 1D [l 31)
=1 =1
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where the constant A > 0 is regularization coefficient, ® means circular correlation
and w' indicates the channel [ of filter w. As described in section of the thesis,

the solution becomes as follows:

w

- 5 2 32
P 6x) 0 ()" + A (32)

where the letters with hat denotes their discrete Fourier transform version, ® repre-
sents the Hadamard product and y* indicates the complex conjugate of a complex
number y. During the detection process, a search patch is cropped and the features
¢(z) is obtained in the new frame. The movement of the object can be calculated by

searching the peak value of correlation response map g:

D
g=F1')_a" o) (33)
=1

The convolutional neural network part responsible for feature extraction is very light-
weight, and mainly consists of convl from VGG [1]]. The pooling layer are extracted
and number of output channels is made 32. The network is trained offline and fixed

during online tracking. The objective function to train the network is formulated as:

L(0) = llg — glI* + vlle|? (34)

An explicit regularization is added in order to prevent objective function to get a non-
convergence condition. Stochastic gradient descent (SGD) is used as optimizer, and
the weight decay method is utilized to implicit this regularization. Moreover, at the
end of the convolutional layers, a local response normalization (LRN) layer is added

to avoid large magnitude of feature map values.

The filters w are updated during online tracking. The update rule is similar to the one

described in , however, it is extended to time series. The optimization problem
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defined in (31) can be rewritten with additional incremental mode as:

P D D
€= Bl Y wy®d' (@) —yl* + 1Y llwpll” (35)
t=1 I=1 =1
Utilizing the (35)), the closed form solution in (32)) becomes as:

I _ Zf&):l ﬁfﬁ* © le <A$t)
TS BT ) © (@) + N)

~

(36)

Due to aforementioned time series properties, DCFNet can be seen as an RNN net-

work.

During training of DCFNet, TempleColor [[10], NUS-PRO [9] and UAV 123 [11] sets
are used. The videos that have overlap with the test set are excluded. The resulting
training set includes 166643 frames. Each pair of frames is selected within the range
of 10 frames. Subsequently, the target patches are cropped with 1.52 padding size
using the ground truth labels. The cropped patches are resized to 1252125. SGD with
momentum of 0.9 is used to train the network from scratch. The learning rate is set
to le-5. The weight decay 7 is set to Se-4. Training lasts 20 epoch with batch size
of 16. The regularization coefficient A and online learning rate 3; are set to le-4 and
8e-4, respectively. During both offline training and online tracking, Gaussian spatial

bandwidth is fixed to 0.1. For scale change, patch pyramid with 3 scales where value

a (see|2.1.3) is set to 1,0375.

OTB2013 [72]] and OTB2015 [12], also named as OTB50 and OTB100 (see section
[.3| for details), are utilized for testing the performance of the DCFNet tracker. Suc-
cess plots of DCFNet reported along with other correlation filter based and other
trackers in Figure [3.2] The numbers stated on the figure legend indicate the AUC

(area under curve) value of trackers.
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Figure 3.2: OTB2013 and OTB2015 success plots of DCFNet along with other corre-
lation based trackers and others: KCF[73], SiamFC[2], CNN-SVM[74], CSK[75],
DSST[18]], MEEM[76], HCF[77], TGPR[78]], HDT[79], Staple[80].The figure is
taken from [§]]

3.2 UDT: Unsupervised Deep Tracking

UDT [7] claims that visual object tracking utilizing deep networks for feature ex-
traction can be learned using forward and backward tracking without ground truth
labels. The comparison between the supervised and proposed unsupervised learning
is illustrated in Figure [3.3] Forward tracking is performed by initially annotating the
randomly drawn region on the first frame, and tracking the object on the subsequent
frames. The predicted location in the last frame is used for tracker initialization, and

the tracker is run from last frame towards the first frame during backward tracking.
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Figure 3.3: Supervised and unsupervised learning comparison. UDT tracker is trained

using forward and backward tracking without heavyweight annotations [7].

The target position computed in the first frame using backward tracking is desired to
be same position with the initial randomly drawn region. Consistency loss is used to
measure the difference between backward and forward trajectories. The architecture

of UDT is shown in Figure [3.4]
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(a) Unsupervised Learning Motivation (b) Unsupervised Learning Pipeline using a Siamese Network

Figure 3.4: General unsupervised deep tracking algorithm. In (a) forward-backward
tracking methods is illustrated. In (b) unsupervised training procedure of Siamese

correlation filter network is shown [7]].
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During forward tracking, two consecutive frames P, and P, are cropped to template
patch T and search patch S, respectively. Randomly drawn object in T is used for
generating the required Gaussian label (Yr) centered at bounding box center for ini-
tialization of the Siamese tracker. The correlation filter Wt generated using Yr is

computed using close form solution (see section [2.1]) as follows:

Z(¢(T)) © F*(Yr)
FH(@(T) © F(6(T)) + A

Wr =7} ) (37)

After computation of Wr, the target is tracked on search patch. The output response

map of the tracker, denoted as Ryg, is calculated as:

Rg = (F*(Wr) © Z(6(9))) (38)

Using the Gaussian response map of the tracker output Rg for frame P;, a pseudo
Gaussian label, denoted as Yg, centered on the maximum value of Rg to be used for
backward tracking is generated. In the backward tracking, S is treated as template
patch and T is seen as search patch. The tracker is reinitialized using pseudo label
Y. The backward tracking is performed from original search patch to initial template
patch. Note that the network parameters are fixed during these tracking steps. The
Gaussian response of the tracker on original template patch is denoted as Ry. Ideally,
Ry should be as similar as the originally given label Yy that is Gaussian label with
peak located at the target position. By using this requirement, the feature extractor

network ¢(..) can be trained by minimizing the reconstruction loss computed as:

Lun = ||Rr = Yz |3 (39)

After loss computation, the network weight parameters are updated with the back-

propagation of the calculated error.

The tracker may sheer away from the target in the forward tracking in practice, how-
ever, it still returns to the initial location after backward tracking. In this case, the pro-
posed loss function returns small numbers which prevents penalizing this behaviour.

To overcome this problem, multiple frame validation is proposed in [[7]. It involves
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another frame P3; which is a subsequent frame after /. The forward tracking and
backward validation are performed on three frames in the same manner. As shown
in Figure [3.5] the forward tracking is firstly performed from template patch to search
patch #1. Subsequently, according to the output response map, the tracker is reinitial-
ized on that patch using the pseudo Gaussian label. After that, forward tracking from
search patch #1 to #2 is performed. Finally, backward tracking from search patch #2
to template patch is done using newly calculated pseudo Gaussian label considering
the tracker output on search patch #2. The difference between initial Gaussian label
and final response map is computed using (39), and training of the network is realised.
With utilization of multiple frame validation, the verification failures are expected to
be reduced. The reconstruction error and the computed loss tend to be amplified in
case of failure, which will penalize the network. The Figure@ llustrates the multi-

ple frame validation method.

Search

Template Patch  Search Patch Template Patch
Patch #1

Coincidental Success Error Accumulation

Figure 3.5: Single frame validation on the left and multiple frames validation on the
right. The incorrect forward tracking in single frame validation may not be realized.
With usage of multiple frames, localization error can build up to prevent the prediction

consistency during forward tracking and backward verification.[7]

During training of UDT, the noisy training pairs may appear since the randomly drawn
bounding box can be a noisy background content or an occluded target. This causes
significantly large losses, and prevents the network from convergence. Therefore,
10% of the overall training sample pairs containing large error values are excluded in
order to prevent noisy pairs. The exclusion is executed during a mini batch training

including multiple training pairs. Loss value of each training pair is multiplied with
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fimp, which is 0 for 10% of mini batch having largest loss value, and 1 for the

remaining pairs.

The authors of UDT [[7] also claim that objects having larger motion are more effec-
tive for training the network. Since targets are randomly chosen from frames, they
may include static objects such as soil, grass, tree or sky. These objects do not move
, therefore, contribute less on the training. In order to boost the effect of largely mov-
ing objects, motion weight vector A° .. is assigned to all pairs in mini batch. Its

computation is as follows:

Anotion = 1R, = Y7II2 + | Rs, = Y5, 13 (310)
where Yr' is the initial label, Ys,' is the pseudo label generated on search patch #1.
Rs,! and R, are the output response maps of the tracker for search patch #1 and #2,

respectively. As A!

totion, DECOMES large, it means that the target object makes large

displacement on multiple frame tracking. It is a hard sample pair that the network
should put more attention for better training. For size of n mini batch, the normaliza-

tion on the binary and motion weight vector is performed as:

i i
AZ’ o Adrop * Amotion (31 1)
norm Zn AZ % Al
i=1 “"drop motion

After the aforementioned modifications on the reconstruction loss, the final loss for a

mini batch can be calculated as:

1 < . .
Lm=—-) A R: — Y2 312
nzzl nov‘m” T TH2 ( )

Similar to DCENet [8]], a very lightweight network structure is used for feature extrac-
tion. The network properties of UDT is shown in Table [3.1]including layers and their
properties. As training dataset, ILSVRC2015 [13] is used without any preprocessing
on the data. The samples are created by simply cropping half of the whole image
from the center of each frame. The cropped patches are then resized to 1252125 be-

fore going into to the network for feature extraction. Three frames for template and

40



Table 3.1: Network configuration of UDT

Layer Type | Number of Filters | Kernel Size | Stride
Convl 32 3 1
Relu - - -
Conv2 32 3 1
LRN - - -

search patches are chosen from successive 10 frames in a video so that the the object
on the cropped region does not go out of scope. In Figure[3.6] some of sample patches
cropped from the center of frames are illustrated. It can be seen that the content can

include less meaningful objects (e.g. images on the last row of the figure).

Figure 3.6: Randomly cropped images from the center of frames in ILSVRC2015
dataset for UDT training [7].

During online tracking, the filters w are updated with an update rule similar to the one
described in 213t

W, = (1— a)Wis + W (313)
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In addition to the incremental model update, scale change is estimated similar to the
one in DCFNet [8] (see section [3.1)). Three scales are searched for this purpose with
a equals to 1.015. In [7]], authors also proposed an improved tracker called UDT+. It
uses advanced model update and different DCF formulation according to the [81]].

The optimization during training is done by using stochastic gradient descent (SGD).
The weight decay and momentum are set to Se-4 and 0.9, respectively. The learning
rate is set to le-2 initially, and decays until 1e-5 throughout 50 epochs. The mini batch
size n is fixed to 32. Tests are performed on OTB2015 [12] and Temple-Color [10]
datasets. Success and precision plots for both test sets are shown in Figure [3.7 and
Figure [3.8] respectively. They are compared with other trackers such as SiamFC[2]],
DSSTI18]], KCF[73], ACT[82], CFNet[83], ACFN[84], SCT[85], CSRDCF[86]. The
number on the legend of the figures indicates the area under curve (AUC) value of

each tracker.
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Figure 3.7: OTB2015 test results of UDT and UDT+ trackers in terms of success and

precision plots with other trackers [[7]].
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Figure 3.8: TempleColor[10] test result of UDT and UDT+ trackers in terms of suc-

cess and precision plots with other trackers [7].

Results indicate the effectiveness of UDT and UDT+ trackers when they are trained
in an unsupervised manner. Due to its very light weight network, UDT can run faster
than real time. Authors in [7] reports 70 fps for UDT and 55 fps for UDT+ with a
computer having NVIDIA GTX 1080Ti GPU and 4.00GHz Intel Core 17-4790K.
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CHAPTER 4

SEMI SUPERVISED TRAINING FOR VISUAL OBJECT TRACKING

4.1 Proposed Methods

The main aim of this thesis is to investigate the effects of incomplete supervision
strategy using semi-supervised training of CFB trackers that rely on deep networks

for feature extraction.

Incomplete supervision is applied using two different methods. Firstly, labeled im-
ages are provided to the network with a predefined probability p during training. In
other words, during a batch training of an epoch, full supervision is performed with
p probability using ground truth labels, otherwise unlabeled samples are provided for
training. As an example, during training, assume that an epoch consist of 100 iter-
ations and p is chosen to be 0.75. The 75 of the forward and backward propagation
is performed using labeled samples and supervised learning loss while 25 of them
are done using unlabeled samples and unsupervised learning cost function. Afore-
mentioned methodology is called weakly supervised training on the rest of this thesis

document.

The second method that is applied for incomplete supervision is called supervised-
weakly-unsupervised (SWU) training. Basically, the training is started with above-
mentioned probability value set to 1.0. After that, for each epoch probability value
is gradually decreased, and at final epoch it becomes 0.0. This method is divided
into two parts, denoted as SWU_C and SWU_P trainings. In SWU_C, the probabil-
ity values is decreased continuously. It starts with 1.0 and decreased until 0.0 with
equal intervals throughout 50 epochs. In SWU_P, however, the probability value is

decreased in a discretized manner. For example, assume that the total number of
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epoch is 50. The value p is set to 1.0 for first 10 epoch. For the second 10 epoch,
p is set to 0.75. The third 10 epoch uses the value as 0.5. The fourth one uses 0.25,
and the final 10 epoch utilizes 0.0 probability value which means the training is per-
formed completely unsupervised for the last 10 epochs. For better understanding, the
probability value variation for SWU_C and SWU_P methods with respect to epoch

number is illustrated in Figure [4.1]

Probabilty Value Distribution per Epoch

= SWU_C == SWU_P

075 o~

N
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Figure 4.1: The probability value distribution for SWU_C and SWU_P semi super-

vised training methods.

DCFNet [8]] has supervised trained deep feature extractor and is a correlation filter
based tracker, hence, its unsupervised version UDT [7] are assumed to be perfectly
appropriate to the main aim of this thesis. The supervised part of DCFNet and un-
supervised part of UDT is merged for weakly and SWU model trainings. The overall

flow of the training steps are presented in Figure 4.2

In addition to the aforementioned incomplete supervision, the joint supervised unsu-
pervised (JSU) training is also conducted. For each iteration, both labeled and unla-
beled samples are used for forward tracking, instead of selecting one of them during
training. Labeled samples are used on supervised model to generate error value, in

the mean time, the unlabeled samples are also utilized on unsupervised model to com-
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Figure 4.2: The overall flow of semi-supervised trainings.

pute unsupervised loss. The computed loss values are added, and back propagation is

performed accordingly. The computation of final loss function is as follows:

Joint_loss = L0SSgy, * o + L0SSyns * (1 — )

(41)

where « is the control parameter, Loss,, is the error value generated using labeled

sample pairs on supervised model, and Loss,,s is the error value obtained by us-

ing unlabeled sample trios on unsupervised model. Similar to the weakly supervised

training, JSU training is also composed of two methods. Firstly, the value of the con-

trol parameter « is set to a fixed number throughout the training, which is denoted

as JSU. In the second method, the value of « is set to 1.0 at the start of the train-
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ing. After that, it is decreased gradually. This method is also divided into two parts,
denoted as JSU_SWU_C and JSU_SWU_P trainings. On JSU_SWU_C, « value is
decreased continuously after each epoch analogous to the SWU_C trainings. Similar

to the SWU_P training, the value of « is partially decreased on JSU_SWU_P.

Intuitively, the incomplete supervision described before is very similar to the JSU
method. Therefore, it is important to see the effect on the tracking performance. The

flow of the training of JSU is shown in Figure 4.3]

Data Loader
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Frame#2 Frame#2

S ‘

Forward Tracking
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Frame#3

‘ Loss Calculation

Backward
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Frame#1

I Loss Calculation

v

| Backward L l.
Byl L +

[

Figure 4.3: The training workflow of joint supervised unsupervised trainings.
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4.2 Network Configuration and Training Settings

The overall architecture used in the model trainings is completely same with the one
described in Section [3.2] and DCF formulation is implemented using (2I1). The
deep network responsible for feature extraction consists of two convolutional layers
with properties stated in Table 3.1, As described in section 4.1} trainings include
both supervised and unsupervised samples. The objective function stated in (34) is
used when supervised samples appear during training as a loss function. Similarly,
the objective function described in (312) is utilized for unsupervised samples. SGD
is employed for optimization purpose. Momentum and weight decay value are set
to 0.9 and 521072, respectively. Learning rate is started from 0,01, and decreased
exponentially until 1075, Sample pairs are randomly selected from video frames
having at most 10 frame difference. In other words, sample pairs can be successive
frames or 10 frames apart. The frame difference range between the frames in a pair

is chosen randomly between 1 and 10 during training as well.

During online tracking and testing, the model update is carried out using (313)), and o
parameter is set to 0.01. Scale estimation is done according to the multi-scale search
methodology described in section [2.1.3] Pyramid patches on three scales are utilized

by setting o parameter to 1.0275.

4.3 Datasets

Training and testing of models are performed using four datasets, namely OTB50[ /2],
OTB100[12], ILSVRC2015[13], TrackingNet[S]. ILSVRC2015 and TrackingNet are
used for training the deep feature extractor network part of the tracker, separately.

OTB50 and OTB100 are used for evaluation of the trained models.

4.3.1 OTBS50 and OTB100

OTB50 [72], namely object tracking benchmark or OTB2013, is one of the first
datasets that is specialized for single object tracker evaluation. It consists of 50 fully

annotated video segments. OTBS50 includes 11 attributes which are occlusion, illumi-
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nation variation, motion blur, scale variation, deformation, fast motion, out-of-plane
rotation, in-plane rotation, background clutter, out-of-view, and low resolution. Any
sequence can be annotated with multiple attributes, and some attribute may occur
more frequently than others. OTBS50 test set also includes attribute based subsets to
be used for attribute specific evaluations. For example, occlusion (OCC) subset in-
cludes 29 sequences that can be utilized to investigate the robustness of trackers to
handle occlusion. In Figure .4] the distribution of the sequences with occlusion and

attribute distribution of whole test set are illustrated.

Attribute distribution Attribute distribution - occlusion
40 30

30
20 15
10

0 0 , .
IV OPR SV OCC DEF MB FM IPR OV BC LR IV OPR SV OCC DEF MB FM IPR OV BC LR

(a) (b)

Figure 4.4: OTB50: (a) Distribution of attributes on the whole dataset, and (b) the
distribution of occlusion (OCC) attribute [72]].

OTB100 (OTB2015[12]) is a complementary version of OTB50. In addition to the 50
targets on OTB50, another 50 difficult and representative objects are added to the test
set. However, the total number of videos is less than 100 since a few sequences have

multiple targets in them.

The evaluation methodology is described in Section [4.4]

4.3.2 ILSVRC 2015

As part of the object detection from video challenge, 2015 edition of ImageNet Large
Scale Visual Recognition Challenge (ILSVRC2015 [13]]) is introduced. Dataset in-
cludes 30 various classes of vehicles and animals for participants to classify and lo-
cate them. Almost 4500 videos are available for training and validation sets together,

containing a total of more than one million annotated frames. When compared with
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VOT[87]] and OTB[72]] datasets in terms of the number of labelled sequences, which
are together less than 500 videos, this number is remarkably attractive. The tracking
community has shown great interest to this data set, since it was published because
of not only for its vast size, but also variety of objects and scenes inside the videos.
Therefore, it is logical to use it to train a deep network model for tracking without

over-fitting to the domain of videos used in these benchmarks.

4.3.3 TrackingNet

TrackingNet[S] dataset is the first large scale dataset and benchmark for object track-
ing in the wild. It includes 30,643 videos with an average duration of 16,6s. 14431266
frames are annotated with a single upright bounding box. 30132 videos with 14205677
frames are selected as training sequence, whereas 511 videos with 225589 frames are
chosen as test sequence. Both training and testing videos include 27 different object
classes. Figure 4.5|compares the TrackingNet dataset with other datasets in terms of
the number of annotations, videos and length of the videos. Training set of Track-
ingNet is split into 12 training subsets where each of them contains 2511 videos and
preserves the 27 object class distribution. TrackingNet includes 15 attributes that
characterize videos, which are illumination variation, aspect ratio change, scale vari-
ation, out-of-view, fast motion, low resolution, background clutter, camera motion,
motion blur, in-plane rotation, similar object, deformation, partial occlusion and full
occlusion. The comparison of TrackingNet with other datasets is illustrated in Figure
4.5

TrackingNet dataset owners claim that they have better control over the number of
frames per video in the dataset, with a more contained variation with respect to the
other datasets. Furthermore, the bounding box resolution distribution is more diverse
in it. They also claim that TrackingNet has more natural distribution in terms of

motion speed, aspect ratio and object types.
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Figure 4.5: Comparison of datasets in terms of the length and number of videos [3]].

4.4 Evaluation Metrics for Tracking Experiments

Evaluation of our proposed semi supervised and joint supervised techniques is per-
formed using the methods described in OTB [72]. Mainly, there are three metrics
used for tracker performance evaluation, which are precision plot AUC (Area Under

Curve) score, success plot AUC score and success rate.

One way to measure tracker precision is the center location error, namely, the aver-
age Euclidean distance between the manually labeled ground truths and the center
locations of the tracked targets. Performing this calculation overall frames of a se-
quence summarizes the overall performance for that sequence. This computation is

also known as root-mean-square-error (RMSE):

N
1
RMSE = N;HFE—FEH (42)

where k is the frame number, F}' is the predicted center location by the tracker and
FE is the ground truth center location.Nevertheless, the average error value may not
measure the tracking performance correctly when tracker loses the target. Authors of
OTB suggest that using 20 pixels as threshold brings representative precision score
for each tracker. Subsequently, precision plot shows the percentage of frames whose

estimated location is within the given threshold distance of the ground truth when the
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threshold value is swept between two certain values. The area under curve (AUC)
value of this plot is also used as performance indicator for tracking algorithms, and

calculated as:

50 N

1 1
Precision Plot AUC score = 50 Z N Z y(k, 1) (43)

=0 k=0

1 F&E —FT| <1
e E=EI<y

0 otherwise.

where t is the pixel error threshold.

Another evaluation metric is the bounding box overlap. IOU value in terms of number
of pixels is calculated between the tracker output and the ground truth boxes, and

calculated as follows:

_ |BBL, NGBy

= |BB;, U GBy|

(45)

where BBy, is bounding box output of the tracker and GG By, is the bounding box of
ground truth at the frame £.

The performance is measured by calculating the number of successful frames whose
IOU value is higher than the given threshold on a sequence of frames. Similar to the
precision plot, success plot is also obtained by sweeping the threshold value. It illus-
trates the proportion of successful frames where the thresholds are varied from O to 1.
The AUC score of the success plot is also used for ranking the tracking algorithms.
Moreover, the success value at a specific threshold 0.5 is used for robustness evalua-
tion as well, and denoted as success rate. The AUC score on success plot is computed

as follows:
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1
1

Plot A = — tk,1 46

Success Plot AUC score /i:ON,;O (k,1) (46)

t(k,i) = @7)

0 otherwise.

The success and precision plots can be generated using three different evaluation
methods. The more conventional way is one-pass evaluation (OPE), which is per-
formed by initializing the tracker on the first frame with ground truth position and
running it throughout a test sequence. A tracker may be sensitive to the initializa-
tion, therefore, two other evaluation methods are introduced by OTB [72]], which are
spatial robustness evaluation (SRE) and temporal robustness evaluation (TRE). Tem-
poral robustness evaluation is applied by initializing the tracker from one initial frame
with ground truth of target and running to the end of sequence. The performance of
tracker is measured on each segment, and the whole statistics are merged. Spatial
robustness evaluation is performed by sampling the initial bounding box in the first
frame by scaling or shifting the ground truth. The tracker is evaluated multiple times

for different shift and scale values.

The test results for OTB50 and OTB100 are compared using success plot, precision

plot and success rate with one-pass evaluation.

4.5 Test Groups

The proposed methodologies are tested using 12 test groups. 6 of these groups are
weakly supervised, supervised-weakly-unsupervised (SWU) and joint supervised-
unsupervised (JSU) tests using ILSVRC dataset as training set. The other 6 of the
tests belong to weakly supervised, SWU and JSU models utilizing TrackingNet as
training dataset. The training and validation parts of the ILSVRC dataset is employed
as train set during trainings, whereas the only 1 of 11 training parts of TrackingNet is
utilized in order to be comparable with ILSVRC dataset. The total number of epoch

is set 50 for each training.
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4.5.1 Weakly Supervised Test Groups

Weakly supervision is performed similar to the incomplete supervision. During an
unsupervised training, supervised samples are added to the batch iteration according
to a probability value p between 0 and 1. For example, if p is set to 0.1, 10% of
the training batches are chosen from the supervised samples, and loss is calculated
accordingly. The value p is predefined before the training starts. The UDT tracker
is trained using ILSVRC and TrackingNet datasets separately in order to prove the
concept for different datasets. Different values of p are tested to see the effect of it.

In Table [@.1] properties of test group Testl are shown with model names, training

dataset, number of samples per epoch and predefined probability values.

Table 4.1: Properties of models used in Test1 are shown.

Model Name | # of Pairs per Epoch | Dataset | Probability Value
DCFNet 1291104 ILSVRC 1.0
UDT 1291104 ILSVRC 0.0
UDT_W_0.75 1291104 ILSVRC 0.75
UDT_W_0.5 1291104 ILSVRC 0.5
UDT_W_0.3 1291104 ILSVRC 0.3
UDT_W_0.1 1291104 ILSVRC 0.1

Properties of Test2 are stated in Table 4.2] with similar properties. The only difference

between these groups is the number of samples per epoch. The letter ’S’ at the end of

the model names for Test2 indicates the word ’small’.
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Table 4.2: Properties of models in Test2 are shown.

Model Name | # of Pairs per Epoch | Dataset | Probability Value
UDT_S 537536 ILSVRC 0.0
DCFNet_S 537536 ILSVRC 1.0
UDT_W_S_0.75 537536 ILSVRC 0.75
UDT_W_S_0.5 537536 ILSVRC 0.5
UDT_W_S_0.3 537536 ILSVRC 0.3
UDT_W_S_0.1 537536 ILSVRC 0.1

With similar properties but having different training dataset, properties of Test3 and

Test4 are shown in Table 4.3] and Table 4.4] respectively.

Table 4.3: Properties of models in Test3 are shown.

Model Name # of Pairs per Epoch Dataset Probability Value
DCFNet_TN 1305696 TrackingNet 1.0
UDT_TN 1305696 TrackingNet 0.0
UDT_TN_W_0.75 1305696 TrackingNet 0.75
UDT_TN_W_0.5 1305696 TrackingNet 0.5
UDT_TN_W_0.3 1305696 TrackingNet 0.3
UDT_TN_W_0.1 1305696 TrackingNet 0.1

Table 4.4: Properties of models in Test4 are shown.

Model Name # of Pairs per Epoch Dataset Probability Value
DCFNet_TN_S 539840 TrackingNet 1.0
UDT_TN_S 539840 TrackingNet 0.0
UDT_TN_W_S_0.75 539840 TrackingNet 0.75
UDT_TN_W_S_0.5 539840 TrackingNet 0.5
UDT_TN_W_S_0.3 539840 TrackingNet 0.3
UDT_TN_W_S_0.1 539840 TrackingNet 0.1
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4.5.2 SWU: Supervised-Weakly-Unsupervised Test Groups

For SWU based trainings, the probability value p described in section {.5.1] is de-
creased from 1.0 to 0.0 during training. SWU models are tested in two groups. First
one is called as SWU_C where the attenuation of p is performed continuously at each
epoch step by step. The second one, namely SWU_P, is also performed by decreasing
the p value partially after each 10 epoch. The Figure 4.1]illustrates the probability at-
tenuation for SWU_C and SWU_P tests at each epoch. Test5 is composed of SWU_C
and SWU_P models on ILSVRC dataset, and shown in Tabled.5| with their properties.

Table 4.5: Properties of models used in Test5 are shown.

Model Name | # of Pairs per Epoch | Dataset | Probability Value
DCFNet 1291104 ILSVRC 1.0
UDT 1291104 ILSVRC 0.0
UDT_SWU_C 1291104 ILSVRC Continuous
UDT_SWU_P 1291104 ILSVRC Partial

Test6 is generated with smaller number of samples of Test5, and its properties are

described in Table

Table 4.6: Properties of models used in Test6 are shown.

Model Name # of Pairs per Epoch | Dataset | Probability Value
DCFNet_S 537536 ILSVRC 1.0
UDT_S 537536 ILSVRC 0.0
UDT_SWU _C_S 537536 ILSVRC Continuous
UDT_SWU_P_S 537536 ILSVRC Partial

TrackingNet trained version of TestS and Test6 are denoted as Test7 and Test8, and
their properties are shown in Table and Table {.8] respectively. In addition to
SWU models, DCFNet and UDT trainings with similar properties are also added to

the tests for better comparison.
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Table 4.7: Properties of models used in Test7 are shown.

Model Name # of Pairs per Epoch Dataset Probability Value
DCFNet_TN 1305696 TrackingNet 1.0
UDT_TN 1305696 TrackingNet 0.0
UDT_TN_SWU_C 1305696 TrackingNet Continuous
UDT_TN_SWU_P 1305696 TrackingNet Partial

Table 4.8: Properties of models used in Test8 are shown.

Model Name # of Pairs per Epoch Dataset Probability Value
DCFNet_TN_S 539840 TrackingNet 1.0
UDT_TN_S 539840 TrackingNet 0.0
UDT_TN_SWU_C_S 539840 TrackingNet Continuous
UDT_TN_SWU_P_S 539840 TrackingNet Partial
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4.5.3 JSU: Joint Supervised-Unsupervised Test Groups

JSU based models have leveraged both supervised and unsupervised loss functions
at each iteration of the training process. Two different methods are trialed about the
usage of control parameter defined in (41I]). First one is denoted as JSU tests, which
uses fixed value of control parameter throughout the trainings. The models, having
different but fixed control parameter and used ILSVRC as training set along side with
original DCFNet and UDT trainings, compose the Test9. Model names, used dataset,
number of samples per epoch and predefined control parameter o values of Test9 is

shown in Table 4.9]




Table 4.9: Properties of models used in Test9 are shown.

Model Name # of Pairs per Epoch | Dataset | Alpha Value
DCFNet_S 537536 ILSVRC 1.0
UDT_S 537536 ILSVRC 0.0
UDT_JSU_S_0.1 537536 ILSVRC 0.1
UDT_JSU_S_0.3 537536 ILSVRC 0.3
UDT_JSU_S_0.5 537536 ILSVRC 0.5
UDT_JSU_S_0.75 537536 ILSVRC 0.75

Test10 is the TrackingNet version of Test9, and shown in Table #.10| with their prop-

erties.
Table 4.10: Properties of models used in Test10 are shown.

Model Name # of Pairs per Epoch Dataset Alpha Value
DCFNet_TN_S 539840 TrackingNet 1.0
UDT_TN_S 539840 TrackingNet 0.0
UDT_TN_JSU_S 0.1 539840 TrackingNet 0.1
UDT_TN_JSU_S 0.3 539840 TrackingNet 0.3
UDT_TN_JSU_S_0.5 539840 TrackingNet 0.5
UDT_TN_JSU_S_0.75 539840 TrackingNet 0.75

The second method, called as JSU_SWU, is divided into two parts. One of them is
called JSU_SWU_C tests. On these models, the control parameter is set to 1.0 at first
epoch, and decreased gradually until 0.0 at the last epoch. Second method, however,
decreases the value of control parameter partially, and denoted as JSU_SWU_P. In ad-
dition to the original DCFNet and UDT trainings, the ILSVRC trained JSU_SWU_C
and JSU_SWU_P generate Testl1 group. The TrackingNet version of Testl1 is

named as Test12. The training properties of Testl1 and Test12 are shown in Table

and respectively.
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Table 4.11: Properties of models used in Testl1 are shown.

Model Name # of Pairs per Epoch | Dataset | Alpha Value
DCFNet_S 537536 ILSVRC 1.0
UDT_S 537536 ILSVRC 0.0
UDT_JSU_SWU_C_S 537536 ILSVRC | Continuos
UDT_JSU_SWU_P_S 537536 ILSVRC Partial

Table 4.12: Properties of models used in Test12 are shown.

Model Name # of Pairs per Epoch Dataset Alpha Value
DCFNet_TN_S 539840 TrackingNet 1.0
UDT_TN_S 539840 TrackingNet 0.0
UDT_TN_JSU_SWU_C_S 539840 TrackingNet | Continuos
UDT_TN_JSU SWU P _S 539840 TrackingNet Partial

In Table general properties of all aforementioned test groups are described.

Table 4.13: Properties of all test groups are shown.

Test ID Supervision | Tranining | # of Pairs p Value a Value Loss
Type Dataset per Epoch | Strategy Strategy | Calculation
Testl Weakly ILSVRC 1291104 Fixed NA Single
Test2 Weakly ILSVRC 537536 Fixed NA Single
Test3 Weakly TrackingNet | 1305696 Fixed NA Single
Test4 Weakly TrackingNet | 539840 Fixed NA Single
Test5 SwuU ILSVRC 1291104 | Decreasing NA Single
Test6 SwuU ILSVRC 537536 | Decreasing NA Single
Test7 SWU TrackingNet | 1305696 | Decreasing NA Single
Test8 SwuU TrackingNet | 539840 | Decreasing NA Single
Test9 JSU ILSVRC 537536 NA Fixed Joint
Test10 JISU TrackingNet | 539840 NA Fixed Joint
Test11 JSU_SwWU ILSVRC 537536 NA Decreasing Joint
Testl2 | JSU_SWU | TrackingNet | 539840 NA Decreasing Joint
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4.6 Experimental Results and Analysis

Pytorch implementations of both DCFNet and UDT by their original authors are con-
sidered as baseline implementations of these algorithms. The experiments also per-
formed using Pytorch framework by making required changes on the published code
blocks. In this section, the experimental results of 12 test groups are shared in terms
of success rate, success plots and precision plots of OTB50 and OTB100 benchmark
sets. Fully supervised and unsupervised models, namely DCFNet and UDT, are inde-
pendently trained three times, and the best performing models are taken into account

for comparison.

4.6.1 Weakly Supervised Test Groups

4.6.1.1 Experimental Results for Testl and Test2

The OTB50 and OTB100 success and precision plots for Testl of weakly supervised
trainings on ILSVRC dataset are illustrated on Figure #.6] The success rate compar-
ison is shown in Figure The best model of the trainings are chosen according to
a model having largest success plot AUC value. The precision plots and success rate

are drawn according to the result of that model.
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Figure 4.6: Comparison of model results in Testl in terms of success and precision

plots. Two graphs upper-side of the figure show OTBS50 test set results while the other

two graphs below belong to OTB100 results. The number on the legend part of the

graphs indicate the AUC value of that specific plot. Best viewed in color.
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Figure 4.7: Comparison of model results in Testl in terms of success rate. The graph

on the left of the figure shows success rate values on OTB50 while the graph on the

right shows success rate on OTB100. Best viewed in color.
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When Figure {.6| and Figure are examined, it can be observed that weakly super-
vised model with probability value p equals to 0.75, namely UDT_W_0.75, beats the
fully supervised DCFNet model on both test sets. There exist 0.9% increase on suc-
cess plot AUC value, 1.1% increase on precision plot AUC value, and 1.4% increase

on success rate value for OTB5O0 test set.

Similarly, on OTB100, UDT_W_0.75 surpasses DCFNet with 0.9% increase on suc-
cess plot AUC value and 1.8% increase on precision plot AUC value and 0.7% in-
crease on success rate. Another deduction can be made according to the aforemen-
tioned plots is that UDT_W_0.5 model also has performance compatible with fully
supervised one. In another words, using a dataset whose only half of its frames are
labeled has a similar result with a version having all of its frames are labeled in the
case of DCFNet tracking architecture. Naturally, the supervised and unsupervised
learning scheme has also effect on this results. The results also indicates that using
even 10% of labeled data during training has significant effect on the performance
when compared with fully unsupervised model. UDT_W_0.1 is an example for this
statement. When it is compared with UDT, it has 3.4% gain on precision plot AUC

value, 2.2% gain on success plot AUC value and 3.5% gain on success rate.

The purpose of the Test2 is to observe the weakly supervised training on smaller
samples per epoch. In Figure success and precision plots on OTB50 and OTB100

test sets for Test2 are illustrated. Success rate comparison is shown in Figure 4.9
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Figure 4.8: Comparison of model results in Test2 in terms of success and precision

plots. Two graphs upper-side of the figure shows OTBS50 test set results while the

other two graphs below shows OTB100 results. The number on the legend part of the

graphs indicates the AUC value of that specific plot. Best viewed in color.
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Figure 4.9: Comparison of model results in Test2 in terms of success rate. The graph

on the left of the figure shows success rate values on OTB50 while the graph on the

right shows success rate on OTB100. Best viewed in color.



The models in Test2 show similar performance gains with Testl. According to the re-
sults shown in Figure .8 and Figure [4.9] the UDT_W_S_0.75 model again improves
over fully supervised DCFNet_S for every evaluation parameter on both test sets.
Specifically, there occurs 1.5% increase on success plot AUC value, 2.0% increase on
precision plot AUC value and 2.1% increase on success rate for OTB100 test. Simi-
larly on OTBS50 test set, there exists 0.6% increase on success plot AUC value, 1.1%
increase on precision plot AUC value and 1.4% increase on success rate. Analogous
to Testl, setting probability value to 0.5 has compatible results with fully supervised
model, and using even small number of labeled instances boosts the performance of

the tracker.

Testl and Test2 show that mixing supervised and unsupervised learning schemes with
some amount make the DCFNet tracker more accurate and robust than using only
supervised learning when trained with ILSVRC dataset. The tracker is gained more
generalization ability with incomplete supervision. The unsupervised learning model
has important effect at aforementioned improvement, since it is more appropriate to
the real world scenarios. Moreover, it prevents the tracker to memorize on to the
training dataset. However, it is not enough to train a proper tracker by itself as the

results of UDT and UDT _S models indicate.

In order to observe the effect of using different size of samples, Testl and Test2
are compared with each other, and presented in Figure [4.10] together. The notation
’S’ on the model names indicates that small number of samples are used on that
model. In terms of OTBS50 results, models that have larger samples (UDT_W_##)
than others (UDT_W_S_##) are slightly in front at the performance race. However,
this behaviour is vice versa for OTB100. From this results, one can deduct that using
large number of samples does not always result in better accuracy when ILSVRC

dataset 1s utilized.
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Figure 4.10: Comparison of model results in Testl and Test2 in terms of success and
precision plots. Two graphs upper-side of the figure shows OTBS50 test set results
while the other two graphs below shows OTB100 results. The number on the legend
part of the graphs indicates the AUC value of that specific plot. Best viewed in color.

4.6.1.2 Experimental Results for Test3 and Test4

The OTB50 and OTB100 test results for the test group Test3 of weakly supervised
trainings on TrackingNet dataset are illustrated on Figure .11} The success rate
comparison is shown in Figure f.12] The best model of the trainings are selected
according to a model having largest success plot AUC value. The precision plots and

success rate are drawn according to the result of that model.
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Figure 4.11: Comparison of model results in Test3 in terms of success and precision
plots. Two graphs upper-side of the figure show OTBS50 test set results while the other
two graphs below belong to OTB100 results. The number on the legend part of the
graphs indicates the AUC value of that specific plot. Best viewed in color.
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Figure 4.12: Comparison of model results in Test3 in terms of success rate. The graph
on the left of the figure shows success rate values on OTB50 while the graph on the

right shows success rate on OTB100. Best viewed in color.

One of the first deductions that can be made from the performance results is that
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DCFNet and UDT trainings on TrackingNet have better performance values than the
ones trained using ILSVRC. This is an expected result, since standard trackers have
shown an increase on performance between 1% and 2%, when trained using Track-
ingNet as stated in [3)]. This is due to the more diverse and challenging videos of
TrackingNet dataset than ILSVRC. Despite that increase, weakly supervised model
with probability value p equals to 0.75, namely UDT_TN_W_0.75, again beats the
fully supervised DCFNet_TN on both test set as it can be observed from Figure
and Figure f.12] There is 0.7% increase on success plot AUC value, 0.5% increase
on precision plot AUC value, 0.8% increase on success rate for OTB50 test set. Simi-
larly, on OTB100 test set, there exists %1.1 increase on success plot AUC value, 1.1%

increase on precision plot AUC value, 2.1% increase on success rate value.

Although the performance increase on OTBS50 is not significant, OTB100 results
show much better accuracy gains. The reason for this behaviour is that OTB100
has more diverse and compelling videos than OTB50. This makes OTB100 test set
more representative of the real world. Moreover, the light weight architecture of the
DCFNet can reach a maximum at each set due to its own design. While the Track-
ingNet increases the performance of DCFNet and UDT models, the model become
closer to that maximum value. Therefore, the effect of incomplete supervision be-

come less visible on OTB50.

Test4 is composed in the same way as Test3; however, it has smaller number of sam-
ples per epoch. The purpose of this test is again to examine the effect of using small
number of samples during training. The success and precision plots of Test4 for

OTBS50 and OTB100 are presented in Figure Success rate comparison is shown

in Figure d.14]
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Figure 4.13: Comparison of model results in Test4 in terms of success and precision

plots. Two graphs upper-side of the figure show OTBS50 test set results while the other

two graphs below belong to OTB100 results. The number on the legend part of the

graphs indicates the AUC value of that specific plot. Best viewed in color.

Model Name

Success Rate Comparision on OTB50

DCFNet_TN_S

UDT_TN_S

UDT_TN_W_S_0.1

UDT_TN_W_S_03 08045

UDT_TN_W_S_05

UDT_TN_W_S_075 8301

06500 0,7000 0,7500 0,8000 0,8500

Success Rate

Model Name

Success Rate Comparision on OTB100

UDT_TN_S

UDT_TN_W_S_0.1

UDT_TN_W_S_03

UDT_TN_W_S_075 07453

0,6500 0,7000 0,7500 08000 08500

Success Rate

Figure 4.14: Comparison of model results in Test4 in terms of success rate. Two

graph on the left of the figure show success rate values on OTB50 while the graph on

the right show success rate on OTB100. Best viewed in color.
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The results of Test4 shows that weakly supervised model with value p equals to
0.75, denoted as UDT_TN_W_S_0.75, has better performance than fully supervised
trained DCFNet_TN_S. It is observed that there occurs 1.7% increase on success plot
AUC value, 2.8% increase on precision plot AUC value and 2.4% increase on suc-
cess rate value when OTBS50 results are considered. When OTB100 performance is
compared, it is clear that there is 0.7% increase on success plot AUC value and 1.7%
increase on precision plot AUC value, however, there is 0.2% decrease on success
rate. Similar to the weakly supervised test groups Testl and Test2 on ILSVRC set,
using a dataset whose half of its instances are labeled has a compatible performance
with a version having all of its frames are labeled. Furthermore, by using only 10%
labeled instances overall dataset has enhanced the performance significantly when
compared with the fully unsupervised trained UDT_TN_S. When performance gains
of Test3 and Test4 on the fully supervised models are compared, it is observed that the
positive effect of incomplete supervision become more obvious when smaller number

of samples are utilized during training in case of utilizing TrackingNet dataset.

In Figure @.15] the performance results of Test3 and Test4 are plotted together in or-
der to observe the effect of using different size of samples during training. In terms of
OTBS50 results, models that have smaller samples (UDT_TN_W_S_##) than others
(UDT_TN_W_##) are slightly in front at the performance race. However, this be-
haviour is vice versa for OTB100. This situation is exact opposite to the one occurred
on ILSVRC based models, which shows the effect of using a dataset having different

properties.
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Figure 4.15: Comparison of model results of Test3 and Test4 in terms of success and
precision plots. Two graphs upper-side of the figure show OTB50 test set results while
the other two graphs below belong to OTB100 results. The number on the legend part
of the graphs indicates the AUC value of that specific plot. Best viewed in color.

4.6.2 SWU Test Groups

4.6.2.1 Experimental Results for TestS and Test6

The OTB50 and OTB100 success and precision plots for the test group TestS of SWU
trainings on ILSVRC dataset are illustrated in Figure4.16] The success rate compar-
ison is shown in Figure .17 The best model of the trainings are chosen according to
a model having largest success plot AUC value. The precision plots and success rate

are drawn according to the result of that model.
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Figure 4.16: Comparison of model results in Test5 in terms of success and precision

plots. Two graphs upper-side of the figure show OTBS50 test set results while the other

two graphs below belong to OTB100 results. The number on the legend part of the

graphs indicates the AUC value of that specific plot. Best viewed in color.
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Figure 4.17: Comparison of model results on TestS in terms of success rate. The

graph on the left of the figure shows success rate values on OTB50 while the graph

on the right shows success rate on OTB100. Best viewed in color.
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From Figure [4.16] and it is clear that partial SWU training, namely SWU_P,
has better performance than fully supervised version. When the UDT_SWU_P and
DCFNet models are compared, it is observed that there is 1.6% increase on success
plot AUC value, 2.1% increase on precision plot AUC value and 1.8% increase on
success rate in terms of OTBS50 test results. Similarly on OTB100 test set, there ex-
ist 1.1% increase on success plot AUC value, 0.9% increase on precision plot AUC
value and 1.5% increase on success rate. When UDT_SWU _C model results are ana-
lyzed, the performance increase is not observed. This result indicates that decreasing
probability value partially has better effect on training when the model is trained
on ILSVRC dataset. In other words, initially supervising the network, and mixing
unsupervised learning later on make the DCFNet model learn more robust features.
However, unsupervised learning starts to affect negatively when the probability value
decreased too much. An interesting result observed for SWU_P model is that the
best models occur when the p value is around 0.75. For example, the best model of

UDT_SWU_P on OTB100 is the one generated after epoch 14.

Test6 is also generated to see the effect of using small number of samples for SWU_C
and SWU_P trainings. Success and precision plots of Test6 are shown in Figure 4.18]
and success rate comparison is illustrated in Figure for both test sets.
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Figure 4.18: Comparison of model results in Test6 in terms of success and precision

plots. Two graphs upper-side of the figure show OTBS50 test set results while the other

two graphs below show OTB100 results. The number on the legend part of the graphs

indicates the AUC value of that specific plot. Best viewed in color.
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Figure 4.19: Comparison of model results in Test6 in terms of success rate. The graph

on the left of the figure shows success rate values on OTB50 while the graph on the

right shows success rate on OTB100. Best viewed in color.
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The results show that both UDT_SWU_C_S and UDT_SWU _P_S beat DCFNet at
all evaluation parameters of test sets. Moreover, UDT_SWU_P_S model surpasses
UDT_SWU_C_S in the same way. When UDT_SWU_P_S and DCFNet is com-
pared, it is clear that there is 1.1% increase on success plot AUC value, 2.4% increase
on precision plot and 2.2% increase on success rate for OTB50 test. Identically for
OTBI100 test set, there occurs 1.9% increase on success plot AUC value, 1.6% in-
crease on precision plot AUC value and 2.8% increase on success rate value. In
contrast to the results of Test5, this time continuously decreasing p value after each

epoch (UDT_SWU_C_S) manages to outperform fully supervised model.

The results of Test5 and Test5 again show that when smaller number of samples are
utilized during training, the effect of incomplete supervision become more clear. In
addition to the results shown above, TestS and Test6 are compared together and plot-
ted in Figure #.20] Similar to the weakly supervised models trained on ILSVRC
dataset, the performance of SWU_P model having different number of samples dur-
ing training are similar to each other on OTB50 test set, whereas the models having
small number of samples are much better in terms of OTB 100 performance evaluation

parameters.
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Figure 4.20: Comparison of model results of TestS and Test6 in terms of success and
precision plots. Two graphs upper-side of the figure show OTB50 test set results while
the other two graphs below belong to OTB100 results. The number on the legend part
of the graphs indicates the AUC value of that specific plot. Best viewed in color.

4.6.2.2 Experimental Results for Test7 and Test8

The OTB50 and OTB100 success and precision plots for Test7 of SWU trainings on
TrackingNet dataset are illustrated on Figure .21} The success rate comparison is
shown in Figure .22] The best model of the training results are selected according to
a model having largest success plot AUC value. The precision plots and success rate

are drawn according to the result of that model.
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Figure 4.21: Comparison of model results in Test7 in terms of success and precision
plots. Two graphs upper-side of the figure show OTBS50 test set results while the other
two graphs below show OTB100 results. The number on the legend part of the graphs

indicates the AUC value of that specific plot. Best viewed in color.
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Figure 4.22: Comparison of model results in Test7 in terms of success rate. The graph
on the left of the figure shows success rate values on OTB50 while the graph on the

right shows success rate on OTB100. Best viewed in color.
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Performance results of Test7 show that SWU_C and SWU_P models on TrackingNet
have similar result with fully supervised DCFNet_TN. Although there are small im-
provements on success plot, it is hard to say that SWU models on TrackingNet per-

form better than DCFNet model.

Test8 is also generated to see the effect of using smaller number of samples than the
one in Test7. Success and precision plots of Test8 are illustrated in Figure #.23] and

success rate comparison is shown in Figure [4.24]
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Figure 4.23: Comparison of model results in Test8 in terms of success and precision
plots. Two graphs upper-side of the figure show OTBS50 test set results while the other
two graphs below show OTB100 results. The number on the legend part of the graphs

indicates the AUC value of that specific plot. Best viewed in color.
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Figure 4.24: Comparison of model results in Test8 in terms of success rate. The graph
on the left of the figure shows success rate values on OTB50 while the graph on the

right shows success rate on OTB100. Best viewed in color.

In contrast to the Test7, SWU_C and SWU_P models in Test8 manage to beat the
fully supervised version. When UDT_SWU_P_S and DCFNet_TN_S are compared,
it is seen that there is 1.2% increase on success plot AUC value, 2.3% increase on
precision plot AUC value and 1.6% increase on success rate in terms of OTB50 per-
formances. For OTB 100, it is observed that there is 0.6% increase on success plot
AUC value, 1.2% increase on precision plot AUC value and 0.6% increase on success

rate.

From the results of Test7 and Test8 test groups, it can be again deducted that using
large number of samples is decreasing the effect of weak supervision on TrackingNet.
The dataset is composed of many different objects with 15 attributes, therefore, the
optimum model can be obtained without any need of unsupervised modelling where

there exist enough samples for training.

In Figure {.25] performance results of Test7 and Test8 are shown together in order to
see the effect of using different size of training samples. However, it is seen that the
results are very close to each other to make any deduction. Considering the Track-
ingNet dataset, the benefit of SWU_C and SWU_P training methods is only visible
when the number of training instances is small enough, and they are not as effective

as weakly supervised models.
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Figure 4.25: Comparison of model results of Test7 and Test8 in terms of success
and precision plots. Two graphs upper-side of the figure show OTBS50 test set results
while the other two graphs below show OTB100 results. The number on the legend
part of the graphs indicates the AUC value of that specific plot. Best viewed in color.

4.6.3 JSU Test Groups

4.6.3.1 Experimental Results for Test9 and Test10

The OTB50 and OTB100 success and precision plots for Test9 of JSU trainings on
ILSVRC dataset are illustrated in Figure[d.26] The success rate comparison is shown
in Figure 4.27] The best model of the trainings are seleced according to a model
having largest success plot AUC value as before. The precision plots and success rate

are drawn according to the result of that model.
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Figure 4.26: Comparison of model results in Test9 in terms of success and precision
plots. Two graphs upper-side of the figure show OTBS50 test set results while the other
two graphs below belong to OTB100 results. The number on the legend part of the
graphs indicates the AUC value of that specific plot. Best viewed in color.
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Figure 4.27: Comparison of model results in Test9 in terms of success rate. The graph
on the left of the figure shows success rate values on OTB50 while the graph on the

right shows success rate on OTB100. Best viewed in color.
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When the results shown in Figure {.26] and Figure are analyzed, it is observed
that UDT_JSU_S_0.75 model has better performance results than fully supervised
model DCFNet_S. When UDT_JSU_S_0.75 and DCFNet_S are compared, it is ob-
served that there exist 1.5% increase on success plot AUC value, 1.9% increase on
precision plot AUC value and 2.6% increase on success rate in terms of OTBS50 re-
sults. For OTB 100, it is observed that there is 1.4% increase on success plot AUC
value, 1.8% increase on precision plot AUC value and 1.7% increase on success rate.
These results show that joint supervised and unsupervised learning has a similar effect
on the tracker performance as incomplete supervision. In other words, the general-
ization ability of the tracker has increased with joint supervision methodology. More-
over, it is concluded that increasing the effect of unsupervised loss on the training

results in performance loss.

Test10 is composed to see the effect of TrackingNet dataset when it is used as training
set. Success and precision plots of Test10 are illustrated in Figure d.28] and success

rate comparison is shown in Figure 4.29]
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Figure 4.28: Comparison of model results in Test10 in terms of success and precision

plots. Two graphs upper-side of the figure show OTBS50 test set results while the other

two graphs below belong to OTB100 results. The number on the legend part of the

graphs indicates the AUC value of that specific plot. Best viewed in color.
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Figure 4.29: Comparison of model results in Test10 in terms of success rate. The

graph on the left of the figure shows success rate values on OTB50 while the graph

on the right shows success rate on OTB100. Best viewed in color.

The results of Test10 shown in Figure [4.28] and Figure [4.29] indicates that the JSU



model with alpha equals to 0.75, namely UDT_TN_JSU_S_0.75, has very promis-
ing results on OTB50 benchmark set. However, the same effect is not observed on
OTBI100 set. When it is compared with DCFNet_S, it is seen that there is 1.9% in-
crease on success plot AUC value, 3.5% increase on precision plot AUC value and
3.3% increase on success rate in terms of OTB50 performances. For OTB 100, it is
observed that there is 0.2% increase on success plot AUC value, 0.8% increase on pre-
cision plot AUC value and 1.1% increase on success rate. Also, UDT_TN_JSU_S_0.5
model, where alpha value is set to 0.5, has exhibited compatible performance on all

evaluation parameters with respect to DCFNet_TN_S.

From the results of Test9 and Test10 test groups, it can be seen that joint supervised-
unsupervised model with fixed alpha value (0.75) has better results than fully super-
vised methodology when ILSVRC dataset is utilized during training. However, the
performance increase is not same when TrackingNet is used for training. Although
the results on OTB50 set are spectacular, the OTB100 results have very small advan-
tage against fully supervised model. Since the only difference between these models
is the training dataset, the logical explanation of this behaviour can be derived from

the properties of TrackingNet dataset.

4.6.3.2 Experimental Results for Test11 and Test12

The OTB50 and OTB100 success and precision plots for Testl1 of JSU_SWU_C
and JSU_SWU_P trainings on ILSVRC dataset are illustrated on Figure @ The
success rate comparison is shown in Figure 4.3T] The best model of the trainings are
chosen according to a model having largest success plot AUC value. The precision

plots and success rate are drawn according to the result of that model.
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Figure 4.30: Comparison of model results in Test11 in terms of success and precision

plots. Two graphs upper-side of the figure show OTBS50 test set results while the other

two graphs below belong to OTB100 results. The number on the legend part of the

graphs indicates the AUC value of that specific plot. Best viewed in color.
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Figure 4.31: Comparison of model results in Test11 in terms of success rate. The

graph on the left of the figure shows success rate values on OTB50 while the graph

on the right shows success rate on OTB100. Best viewed in color.

When results shown in Figures 4.30| and {.31] are analyzed in detail, it is observed
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that both UDT_JSU_SWU_S and UDT_JSU_SWU_P_S models have better perfor-
mance results than fully supervised DCFNet_S. When UDT_JSU_SWU_P_S and
DCFNet_S are compared, it is seen that UDT_JSU_SWU_P_S has performance gain
of 1.4% increase on precision plot AUC value, 0.4% increase on success plot AUC
value and 1.4% increase on success rate in terms of OTBS50 results. For OTB 100,
it is observed that there is 1.8% increase on success plot AUC value, 2.0% increase
on precision plot AUC value and 2.7% increase on success rate. Similarly, when
UDT_JSU_SWU_C_S and DCFNet_S are analyzed, the performance difference is
not much but noticeable. It is observed that UDT_JSU_SWU_C_S outperforms it
with 0.2% increase on success plot AUC value, 0.3% increase on precision plot AUC
value and 0.6% increase on success rate in terms of OTBS50 results. For OTB 100,
there exists 0.8% increase on success plot AUC value, 1.0% increase on precision
plot AUC value and 1.6% increase on success rate. These aforementioned results
show that partially decreasing alpha value during training is better than continuously

decreasing it when ILSVRC training set is concerned.

Test12 is generated to see the effect of TrackingNet dataset when it is used as training
set. Success and precision plots of Test12 are illustrated in Figure 4.32] and success

rate comparison is shown in Figure 4.33]
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Figure 4.32: Comparison of model results in Test12 in terms of success and precision

plots. Two graphs upper-side of the figure show OTBS50 test set results while the other

two graphs below belong to OTB100 results. The number on the legend part of the

graphs indicates the AUC value of that specific plot. Best viewed in color.

Model Name
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Figure 4.33: Comparison of model results in Test12 in terms of success rate. The

graph on the left of the figure shows success rate values on OTB50 while the graph

on the right shows success rate on OTB100. Best viewed in color.

The results of Test12 which are displayed in Figure 4.32] and Figure {.33| show that



UDT_TN_JSU_SWU_C_S model has good results on OTB50 benchmark set. The
performance increase on OTB100 test set is also good to be noticed, however, it is
not as powerful as OTB50 results. When it is compared with DCFNet_S, it is seen
that there is 1.1% increase on success plot AUC value, 2.4% increase on precision
plot AUC value and 2.3% increase on success rate in terms of OTB50 performances.
For OTB 100, it is observed that there is 0.7% increase on success plot AUC value,
1.9% increase on precision plot AUC value and 1.7% increase on success rate. In
contrast to the ILSVRC trained models of Test11, partially decreasing alpha value is

not always better than continuously decreasing it.

4.6.4 Overall Comparison of Test Groups Trained on ILSVRC

OTB50 and OTB100 success and precision plots of models which are trained using
small number of samples on ILSVRC dataset (Test2, Test6, Test9, Test11) are shown
on Figure 4.34] These models include all of the proposed methods such as weakly
supervised, SWU_C, SWU_P, JSU, JSU_SWU_C and JSU_SWU_P.

Figure .34 shows that two incomplete supervision methods (SWU and Weakly)
and two joint supervision methods (JSU and JSU_SWU) have shown better results
than fully supervision method when ILSVRC dataset is used for training. When
the OTB50 results are considered, it is observed that JSU_S model with fixed al-
pha value (0.75) has the best score on success plot AUC value, and is followed by
SWU_P_S and SWU_S models. However, the situation is reversed on precision plot
where SWU_P_S and SWU_S models are ahead of JSU_S_0.75. Weakly supervised
models are also showing good results when compared to the fully supervised one.
Nevertheless, they are not as strong as other methods. In terms of OTB100 results,
weakly supervised UDT_W_S_0.75 model enters to the top three on the graph for
both success and precision plots, and shows very competitive performance. On the
other hand, SWU_P_S model occupies the top of the list on success plot of OTB100
where JSU_SWU_P_S is the second best. For ILSVRC trained models, one can say
that decreasing probability and alpha value partially instead of continuously on in-

complete and joint supervision has better effect on learning robust features.
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Figure 4.34: Comparison of models utilized ILSVRC dataset in terms of success and
precision plots. Two graphs upper-side of the figure shows OTBS50 test set results
while the other two graphs below belong to OTB100 results. The number on the
legend part of the graphs indicates the AUC value of that specific plot. Best viewed

in color.

4.6.5 Overall Comparison of Test Groups Trained on TrackingNet

OTB50 and OTB100 success and precision plots of models trained using small num-
ber of samples on TrackingNet dataset (Test4, Test8, Test10, Test12) are shown on
Figure #.35] These models include all of the proposed methods such as weakly su-
pervised, SWU_C, SWU_P, JSU, JSU_SWU_C and JSU_SWU_P.
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Figure 4.35: Comparison of models utilized TrackingNet dataset in terms of success
and precision plots. Two graphs upper-side of the figure shows OTBS50 test set results
while the other two graphs below belong to OTB100 results. The number on the
legend part of the graphs indicates the AUC value of that specific plot. Best viewed

in color.

Figure [4.35| shows that two incomplete supervision methods (SWU and Weakly) and
two joint supervision methods (JSU and JSU_SWU) have shown better results than
fully supervision method when TrackingNet dataset is used for training. However,
the performance gains over fully supervised model are not as eye-catching as the
ones in ILSVRC trained models. This behaviour results from the properties of the
TrackingNet dataset since it is more diverse and representative of real world than
ILSVRC. When OTB50 benchmark set results are taken into account, it is observed
that JSU_S_0.75 has the best score on both precision and success plot AUC value,
and is followed by JSU_SWU_P and W_S_0.75. However, JSU_S model has lost its
superiority on OTB100 test set, and fallen down on the list. The top three performers
of OTB100 become W_S_0.75,JSU_SWU_C_S, and SWU_C_S models. In contrast
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to results on ILSVRC, decreasing probability and alpha value partially on incomplete
and joint supervision does not always perform better than the one decreasing the

values continuously.

4.6.6 Comparison of SOTA Trackers and Proposed Models

In Table 4.14, OTB100 performance results of SOTA trackers and top performing
proposed models together with fully supervised models are exhibited. Although the
DCFNet architecture is couple of years old, our proposed methodologies decrease the

performance gap between DCFNet and state of the art tracker models.

Table 4.14: OTB100 performance results of state-of-the-art trackers and top perform-

ing proposed models together with fully supervised models

Tracker Name b
Success Plot AUC Score | Precision Plot AUC Score

SiamRPN++[4] 0.690 0.900
ATOM]29] 0.670 0.870
DaSiamRPN[88] 0.650 0.880
UDT_TN_W_0.75 0.628 0.826
UDT_SWU_P_S 0.621 0.816
UDT_JSU_SWU_P_S 0.620 0.820
UDT_TN_W_S_0.75 0.619 0.804
UDT_TN_JSU_SWU_S 0.619 0.820
UDT_W_S_0.75 0.617 0.820
DCFNet_TN 0.617 0.815
DCFNet 0.600 0.790
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CHAPTER 5

CONCLUSIONS

Visual object tracking with numerous real-world applications is a challenging com-
puter vision problem. It is being used at target analysis, action recognition, aug-
mented reality. It aims to find the target object position in a video frame given that
there is a bounding box annotation in the first frame. In the past years, correlation
filters have produced excellent results in terms of accuracy and, they have been pop-
ular because of their low computational complexity. The main purpose of correlation
filter based tracker is to find a filter that can generate high values around the actual
object location but low values for the locations far from the object. Feature properties

which are utilized by these filters plays important role on the performance.

Learning discriminative features is the main goal of the algorithms. With the recent
developments on deep network architectures, tracker algorithms started to adopt deep
neural networks for feature extraction due to their superior performance. The Siamese
trackers formulate the tracking task as a similarity matching process, and use deep
networks as feature extractor as well. In order to train these deep networks, visual
tracking algorithms use labeled data for supervised training. Neural networks usually
learn very well on their training sets, and obtain a good convergence on those sets.
However, they do not perform well when they encounter a frame having very different
properties such as resolution, quality, field-of-view, aspect ratio. Although there are
several tracking data sets having full labels for each video, it is always desired to
use many of these sets so that the network can learn representative coefficients and
get good generalization ability. Nevertheless, annotating video frames desires heavy
human resources. Therefore, many unsupervised and semi supervised techniques are

developed to train deep networks. Despite the fact that there are remarkable process

93



on object detection, segmentation, pose/depth estimation etc. for semi supervision,
visual object tracking problem has few studies related to the unsupervised and semi
supervised training. Therefore, it is aimed to explore the effect of very simple semi
supervision technique on tracking task and compare with fully supervised and joint

supervised techniques in this thesis.

Instead of designing new network architectures in order to increase the precision and
robustness of visual trackers, the goal is to focus on the training strategy and in-
vestigate the effect of incomplete supervision on the performance. Two different
incomplete supervision methods are experimented. One of them is performed in a
manner that the training batch samples are either chosen from labeled version or un-
labeled version of the data set with predetermined probability. In other words, if the
probability is set to 0.3, supervised samples are chosen from the labeled set with 0.3
probability. Otherwise the samples are selected from the unlabeled samples. This
method is called weakly supervised training. Other method, called as SWU, sweeps
the probability value from 1.0 to 0.0 throughout the training. This method is inves-
tigated in two parts, denoted as SWU_C and SWU_P. SWU_C training uniformly
decreases the probability value after each epoch. However, the probability value is
quantized on SWU_P trainings. For example, assume that the total number of epoch
is 50. The probability value is set to 1.0 for first 10 epoch. For the second 10 epoch,
it is set to 0.75. The third 10 epoch uses the value as 0.5. The fourth one uses 0.25,
and the final 10 epoch utilizes 0.0 probability value which means the training is per-
formed completely unsupervised for last 10 epoches. In addition to the incomplete
supervision methods, joint supervision is also investigated. During a training iter-
ation, loss values resulting from supervised and unsupervised learning schemes are
summed with a control parameter . Analogous to the probability value on weakly
supervised method, the control parameter is set to a fixed number during training,
and different values are trialed. This methodology is denoted as JSU. Furthermore,
the value of control parameter is continuously and partially decreased at each epoch

of a training, which are called JSU_SWU_C and JSU_SWU_P methods.

To perform the experiments, fully supervised trained DCFNet tracker and its unsu-
pervised version UDT tracker are adopted. Several different probability values are

tested for weakly supervision. In addition to that, two different number of samples
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per epoch are used to see the effect of it. The proposed semi supervision techniques
are trained on ILSVRC and TrackingNet dataset, and tested on widely used OTB50
and OTB100 tracking benchmark datasets. It is observed that weakly supervision
with probability value 0.75 on both training datasets with small number of samples
has beaten fully supervised version in terms of benchmark parameters of OTB50 and
OTB100, which are success plot, precision plot and success rate. Incomplete supervi-
sion on ILSVRC2015 dataset leads up-to 1.1% gain on success plot AUC value, 2.4%
increase on precision plot AUC value and 2.2% increase on success rate in terms of
OTBS50 benchmark parameters. Similarly on OTB100 test set, 1.9% gain on success
plot AUC value, 2.0% on precision plot AUC value and 2.8% increase on success
rate are observed. Meanwhile, incomplete supervision on TrackingNet results in up-
to 1.7% increase on success plot AUC value, 2.8% increase on precision plot AUC
value and 2.3% gain on success rate on OTB50 benchmark set. Furthermore, it leads
up-to 0.7% increase on success plot AUC value, 1.7% increase on precision plot AUC
value and 0.7 increase on success rate in terms of OTB100 evaluation parameters.
In addition to these outcomes, it is observed that SWU_P models performed better
than other incomplete supervision techniques, which means that initially supervising
the model to some point and then increasing the effect of self-supervision is a good
choice to train DCFNet on ILSVRC set. However, it is seen that this deduction is not

applicable for TrackingNet trained models due to different dataset properties.

Joint supervision model where control parameter is fixed to 0.75 shows similar re-
sults with incomplete supervision on OTB50 success plots for both training datasets.
However, the same superiority is not seen on OTB100 dataset. This shows that JSU
models learns basic tracking properties, however, struggles to overcome the challeng-
ing conditions. This situation become vice versa when control parameter is gradually
decreased. JSU_SWU models become competitive on OTB100 benchmark set as

well.

The aforementioned semi supervised methodologies are also tested with larger num-
ber of training samples. ILSVRC trained weakly supervised and SWU models with
large training instances also beat fully supervised model by a noticeable margin.
However, TrackingNet trained SWU models do not manage to surpass DCFNet_TN

model. From these observations, we can deduct that weakly supervised and SWU
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models are losing its performance superiority as the labeled training set enlarges and

becomes more generalized.

After evaluating several incomplete supervised and joint supervised training method-
ologies, this thesis proposes that utilization of unsupervised samples on a standard
supervised training for correlation filter based visual object tracking, the tracker gen-
eralizes itself better on the real world. As the training dataset becomes more universal
with having many objects and attributes, the positive effect of incomplete and joint
supervision start disappearing. However, it is firmly believed that these methods are

expected to increase their performances with better unsupervised learning models.
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