DEVELOPMENTOFADAPTIVE TRACKING METHODSWITH

ENHANCED PERFORMANCEBASED ON DEEPLEARNING

SHUO ZHANG

A DISSERTATION SUBMITTED TO
THE FACULTY OF GRADUATE STUDIES
IN PARTIAL FULFILLMENT OF THE REQUIREMENTS

FOR THE DEGREE OF

DOCTOR OF PHILOSOPHY

GRADUATE PROGRAM IN
MECHANICAL ENGINEERING
YORK UNIVERSITY
TORONTO, ONTARIO
DECEMBER2024

© SHUO ZHANG 2024



Abstract

Adaptive object tracking aspires to locate the target incessantly in each frame with
designated initiatarget location, which is an imperative yet demanding task in computer
vision.Recentadaptiveapproaches strive to fuse global information of template and search
region for achiemg promising tracking performance. However, fusion of global
information devastates some local details. Local information is essential for distinguishing
the target from background regioff® address this problemye present a novel traek

TGLC integrating a chann@lware convolution block and Transformer attention for global
and local representation aggregation, and for channel information mode{peyimental
results demonstrate the superior tracking performanceGafC. Ablation experiments
further verify the effectiveness ofultiple informationaggregatiorior improving tracking
performance.

Long-term tracking is avital componenin reatworld tracking scenariofecently, one
stagelong-term trackers achievestateof-the-art tracking results due to more sufficient
integration of search and template representations. These methods usually adopt an encoder
for synchronous feature generation and interaction. Despite their high performance, the
approaches tend tedd the encoder full input representations that are highly redundant
during training.A novel algorithm MIMTracking is developed ftackling this problem
MIMTracking exploits an encoder and a decoder for masked image modeling during
training. This desigalleviates input redundancy and reduces the computational cost of the
training process. The proposed MIMTracking achieves-sifatiee-art tracking results on

numerous datasets



Addressing tracking challenges is an essential topiealworld applicationsConstantly
varyingappearance of targets bringsmendoughallenges foobject tracking, gpecially

in background cluttescenariosCurrent leading trackers attempt to introdutygamic
templatesto encodechangingtarget information.However, dynamic templates are
obtained fromintermediateframesthat are not manuallyannotated Therefore,these
templates may contain arge amount ofininformative and irrelevant background noise
due toimprecisetracking.To tackle theproblem a novel trackeATPTrack is proposed
for tracking.Particularly ATPTrack develops aalternatingtoken trimming method that
prunes dynamic templates and search regrogressivelyCompared to merelirimming
the search region, ATPTratlkrtherreduces MACs by 1.5%with negligibleperformance

drop of0.3%by alternately pruninglynamic templates and search region.
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Chapter 1 Introduction

Visual object tracking is one of the most cuttedgetopics in robot vision and computer
vision, which aims at locating the target continuously with gigbject position in the
initial frame. Visual object tracking has been widely utilized in many applicatienarios
such as autonomous vehiclg$, human machine interactidd], video surveillanc¢3]

and robot perceptiofd], et. Asdemonstrateth Figure 11, there arenumerougracking
challengese.g. jllumination variation, appearance variation, fast motion, motion blur, out
of-plane rotation, scale variation and occlusiem, [5]. These challengesenderobject
tracking extremelydemanding Object trackingis divided into different categories
according to different tracking requirements, such as gbort tracking, longerm
tracking, reaftime tracking and noneattime tracking, et. Multiple tracking algorithms
are developed for specific types of targets, i.e., vehicle tracking, path tracking. These types
of tracking methods ardéermed asspecific targebriented tracking approaches or
application scenarioriented tracking approaches.

Human tracking is one of the important applications for object tracking. &aali [6]
propose a novel approach for fageognition and tracking by utilizing support vector
machine and Gaussian mixture model, which can be used in recognizing and tracking
human face for surveillance videos. Laaroussi.¢fptlevelop a mean shifiased tracking
method, which adopts a combination of foregrowedghted histogram and color features
as the feature representation for the mean shift tracking model. Kumaj&tpaesent a
human tracking and fiecalization method based on convolutional neural networks, which

achieves promising tracking performance.
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Figurel-1 Tracking challenge examples



Some tracking methods are designed specifically for tracking vehiclg¥, the authors
propose a new tracking method based on optimal unbiased finite memory filter for accurate
tracking of the car aheadlhis algorithmachieves better tracking performance than Kalman
filter-based tracking approach. Dong e{ al] present an accurate TLD (tracking learning
detection) based tracking algorithm, which deploys fast reggointfeature to enhance
theability of thetrackerfor dealing withchallenges. Qiu et dl11] design a deep learning
based tracking method for mobile vehicles.

Object tracking can also be utilized in medical field such as surgical instrument tracking.
Authors of [12] present a redime tracking method by usingpatiotemporakontext
information for medical instrument detection and trackifige tracker is built by
convolutional neural netwosk(ConvNets) Nwoye et al[13] propose a novel surgical
instrument tracking approach based@nvNetsandlong shorterm memory networks
(LSTM), which utilizes exclusively weakly supervised tool presence label and achieves
enhanced performance.

There are somdrawbackdor the aforementionedracking methodsThesemethods are
developednly for onetype of objectsso theyhave poor adaptability to other application
scenarios. These approachessespoorperformanceas well since they can onpyoduce

and exploit lowdiscriminative target feature§hese featureare more likely to cause
tracking failures. Furthermore, taspecific hyperparameters and other degigraneters

are not adaptive, whicarerequired to be modified in different scenarios. Therefibis,
required to developdaptive tracking algorithnfer complicated tracking scenarios.
Adaptive tracking ipresentedo track objects of arbitrary classes, whpmssesseasiuch

stronger adaptabilitthan specific targedriented tracking. There are matfi culties in



designing adaptive tracking algorithresicethese methodare requiredo generateand
process more complicated features to be suitable for different types of objects and a variety
of tracking scenarios. Howeveit, is extremely meaningful and essential to develop
adaptive approachefhe advantages are shown below:
() Once adaptive methods are developbey can beemployedto track arbitrary
targes of any tracking scenariosithout consideringhe category and appearance
of thetarget The only initialization is taleterminethe targetregionin the initial
frame After that,thetargetcanbe trackedautomaticallyin the following frames.
However, noradaptive methods can only traack&ingle typeof targetsn designated
scenariosTheyare not as practical as adaptixacking approaches
(i) Sometrackingscenarios haveultiple targetclassesFor example, path tracking,
vehicle tracking, and pedestrian tracking are thrigel tasks nh autonomous
vehicles.To achieve thishree noradaptive tracking approaches are required to be
designed for three types of objeatsspectively However,merely one adaptive
trackeris sufficient for handling three types of objects withmaidifyingthehyper
parametersThis ispractical and conveniefdr most application scenarios.
Adaptive tracking is thdocus ofthis research. The performance of adaptive tracking
methods is limited bynany factors, which are demonstrated below and will be explored in
thisresearch:
(i) The existence of a series of tracking challenges makes it difficult for tracking
methods to successfully track the target fittw beginningo the end without any
tracking failures. The ability to overcome as many challenges as possible is required

in this research.



(i) The complexity of tracking models is restrictedtbgtracking speedThis makes
it difficult to further improve the trackingerformance The tradeoff between
tracking speed angerformances critical It requiresrackingmethods tamptimize
the performancwith minimal loss of speed

As describedin Figure 12, adaptive shotierm tracking and adaptive tracking in real
world tracking scenarios are two vital probleofsidaptive tracking-urthermore,wo key
issues shoulbdeaddressetbr the application of adaptive trackingriealworld scenarios
especially in the field of robot vision. One isstthanceéhelong-term tracking performance
of tracking methodsThe other is taptimizethe capability of tracking methodsgainst
complicated tracking challenges. Therefore, research onddtttie-art adaptive tracking
method and respective study on the tgignificantissues arethreefocuses othisresearch.

The thredgopics will be introducedn chapterdl.1, 1.2 and 1,3espectively

Adaptive short-term tracking |

. Overall performance

Key problems of

adaptive tracking | Reliable long-term tracking |

Adaptive tracking in real-world
scenarios, e.g., robot vision

Dealing with complex tracking
challenges, e.g., scale change

\ Overall performance

and performance for
specific challenges

Figurel-2 Key problems of adaptive tracking
1 Adaptwvi s®mradcki ng
Adaptive object tracking methods are generally categorized into generative methods and
discriminative methodgl4]. Generative method4&5], [16], [17], [18] mainly analyze and

model the object area in the current frame and find the(dreanext object locatiorthat



best resembles the model in the next frame. Discriminative mefidfis[20] are
increasingly popular, which usually train classifiers to distinguish the object location from
background region®iscriminativemethods achieveore superior tracking resulfBheir
developmentexpeiences the transition from nordeep learning to deep learning
Correlation filterbased trackerg21], [22] arethe most representative nateep learning
methods These methods can perform rtiate tracking even on CPUWowever, these
methodsexhibit poor performancsince they utilizenandcraftedfeaturesthat aremuch
lesspowerful than deep features generated by deep leabaisgd methods.

Siamesebased trackers gradually become the domindee¢p learningapproaches.
Representative Siamebased trackers usually consist of a shared backbone for feature
extraction, a feature fusion module and one or more prediction hddd(sgrous feature
fusion methods are employed for Siambased trackers, which are divided into two main
categories, cross correlatimased methods and attentibased fusion approaches. Naive
correlation is a simple method for correlation calculationictviis commonly used in
previous Siamese trackers such[a8], [24], [25. Depthwise correlation calculates
correlation of template and search image in a sliding window at each depth2ével
Pixelwise correlatiorf27], [28] computes feature connection in smaller areas than naive
or depthwise correlation, which better maintains the spatial features of the search region.
Correlationbased methods solely establish locally linear similarity relations between
search region andrtelate, which are less discriminative and less informative. Therefore,
trackers of this type are greatly limited in performance.

Recently, some researchdfs)], [30] start to exploit attentichased networks to fuse

features. These approaches focus more on specific features, achieving better tracking



results than correlatiebased fusion methods. However, attendbased feature fusion
methodg 31] strive to build global associations of input feature maps without modeling
connections between local representations. Locally detddaturesare especially
important when tracking challenges ocdewr example, visible partial information can be
utilized to locate the target when the target is partially occluded. Therefore, it is quite
essential to simultaneously model the global and local representations for more accurate
feature interaction. In alition, most existing feature fusion methods only exploit spatial
information of feature maps, which fail to exploit channel representations. Lack of channel
information results in low objedbcalization ability.

Tablel-1 summarizes theepresentative adaptiveackersand theirkey attributes. DL and

AUC denoteseprately deep learningpased and tharea under curvemetricon OTB100
datasef{32]. It can be seen from the table thibeplearningbased trackers outperform
nontdeep learning methods terms of the AUC scor@ he reason is that deep learning
trackers exploit deep semantic representatitmet are much stronger and more
discriminative than handrafted features.

It also shows that almost all deep trackers only model local or global information in the
feature fusion module without combining the@hannel information is not employed
either in these methodsThus, a novel feature fusion module incorporating multiple
information should be developed for adaptive sitemn trackingapproaches-usion of
extensivespatial and channel representations contributes to itt@rovement of the

adaptabilityand thetracking resultdor adaptive shorterm trackers



Tablel-1 Representative adaptive tracking methods

Correlation Global or Re a |
M ethods DL Year AUC ) Chann ]
or attention local t i me

Correlation  Handcrafted

KCF[21] No 2015 0.477 _ N o Yes
filter features
Correlation  Handcrafted
Staple[22] No 2016 0579 ] N o Yes
filter features
] Naive
SiamFC[23] Yes 2016 0582 ) Local N o Yes
correlation
SiamRPN Nadv e
Yes 2018 0.637 Local N o Yes
[24] correl
DaSi am Nadv e
Ye: 201 - Local N o Ye s
[2 b correl
SiamMask Depthwise
Yes 2019 - ) Local N o Yes
[26] correlation
Alpha-Refine Pixelwise
Yes 2021 - ) Local N o Yes
[29] correlation
At t ent
Tr ap2spT Ye: 202 0. 6 Gl oba N o Yes
featur
At t ent
St g3tk Ye: 202 0. 6 Gl oba N o Yes
featur

l1.l2o0ntger m object tracking

Adaptivelong-term trackings much morelemandinghan shorterm trackingsince long
term tracking encounters marackingchallengesTherefore, longerm tracking is more
prone to tracking failures.ong-term trackingapproachesrealso divided into nomleep
learning methods and deep learning methods. T21 is a classic longerm tracking
algorithm, which integrates tracking, detection and learmpracessesThe tracking
module is based on Medidttow algorithm[33], which predicts the motion trajectories of

multiple points insid®f the bounding baxThenit utilizes the median of the most reliable



half of trajectories as the final predictiddncethe trackingnodulefails, the detector starts
scanninghe entireimage ande-determing the position of the target. The learnibigck

is employedo assesthetracking and detectioresults

LT-FLO [34] employs boundarpased features to reduce the demand for image textures,
which also improves its ability to adapt to illumination variation. Similar to TLD, the
tracking failure detection and target redetection sti@segye dilized to recover from
tracking failures. Ma et dl35] leveragecorrelation filters to estimate the location and scale
of the object during longerm tracking. Random ferns are exploited to train a detector for
relocating the object. It achievgealtime tracking However, itis not capable of
maintaining stable lorterm trackingdue tothe limitations ofcorrelation filtes andthe
detection module. Liang et dB6] propose a redime longterm tracking methadThis
methodbuilds a super pixel optical flow predictor for translation and scale estimation, an
adaptive detector based threkernelized correlation fanore sophisticategrediction, and

a corrector utilizing dual online SVMs for refinement of the tracking resiite-detection
module based othe particle filter[37] is presented to be integrated with a discriminative
correlation filter for tracking result refinement in case of tracking failures. The reliability
of the results isalidatedin the long-term tracking methof3g].
Deepfeaturegpossesstronger modeling ability for unknoweategorieof targets, which

are suitable for adaptive tracking. A number of deep leailbasgd approaches are
presented for longerm tracking. GlobalTrack39] searches the target within the entire
image It utilizes a QuenGuided RPN for proposal generation, and a Quznded
RCNN for topproposal selection. This method is suitable for lergn tracking since the

error cannotbe accumulated due to the futhage search mechanisi.novel updating



method is proposed [d(] for tracking model updaté#t incorporategeometry appearance

and discriminative information. This method is beneficial to {wrgn tracking by
updating the trackinghnodel with the appropriate framegeverthelesshe tracking speed

is affected by the timeonsuming LSTM module. Dunnhofer et [@l1] perform longtime
tracking by fusing twastateof-the-art shortterm tracking approaches. Specifically, two
target verifiers are utilized to estimate the target confidence from two tracking methods
Then a decisiomaking module is used to select the best tracking result. This combined
methodis more superiothan two separate tracking methods

The aboveamentioned deep learning trackers belong to Siamese trackers. These methods
are progressivelyreplaced by Transformdrased onetage tracking approaches due to
earlier featureinteractionsand promisingglobal modeling capabilityof Transformer
trackers Current statef-the-art onestageTransformettrackers[42], [43], [44] generally

utilize an encoder for feature interaction. Thesertofch methods feed the encoder with

full representations of the template and search region. However, it is known that images
have substantial amount of information redundancy, which makegsattable to learn
strong representations efficiently. Feeding full representations into the encoder results in
heavy computational consumption as well as feature redundRecegnt researcpis
attempts to reduce the image redundancy by introducing masked image modeling (MIM)
pretraining to vision. This work masks a high proportion of input patches and feeds the
remaining visible patches into the encoder. This greatly alleviates the information
redundancy of the input image and reducedaieing time. Nevertheless, masked image

modeling (MIM) is mostly utilized to reconstruct corrupted input images from visible
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patches in the scope of image sipervised préraining. The prdrained parameters can

be transferred to other vision tasks for finaing.

The early application of masked image modeling (MIM) on tracking also follows this
recipe by transferring thmasked autoencoders (MAE)S] pretrained ViT parameters to
tracking models and finuning these parameters for object tracking. Despite promising
tracking performance, these tracking methods fail to fundamentally tackle the problem of
image redundancy for tracking. Recently proposBM -based trackergi6], [47], [49],

[49] are dedicated to developing new-r&ning strategies specifically designed for object
tracking. Similar to MAE, these trackers incorporate MIM into thet@ming of encoder
decoder type structures. The goal of thetpa@ing is to reconstruct theask patches of
template or search region. After pretraining, the decoder is discarded. The encoder is
exploited to predict the tracking results with the help of a prediction head. However, these
trackers are essentially the same as early MIM applications they still strive to leverage

MIM to obtain better prdéraining parameters. None of them attempts to reduce the
redundancy of image information during training or inference of tracking models. The
success of MIM in the priraining leads to a questiois it feasible to decrease the image
redundancy in the process of training or inference to imptbgelongterm tracking
performance with the aid of masked image modelifigi® question will be answered in
Chapter 4.

Table1-2 demonstratethe representative lorigrm trackersegarding thi performance

input featuresbackbonestructure etc AUC represents the area under curve metrithen
LaSOTlongterm trackingdatasetDL denotesvhetherthe tracking methot related to

deep learningNA indicates the item isot applicable fothe specific method=rom the
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table, mn-deep learning longerm trackers are poor in performarmeing to the fact that

these methods utilize hamdafted featureDeep learning methods have transformed from

Siamese frameworks with ResNet as the backbone tgtage frameworks with the ViT

encoder backboné-ull input features are fed intBiameseracking frameworks during

pretraining and trainingn contrast partial representations (e.g., 25% search tokens) are

fed into onestage frameworkm the process afelf-supervised pretrainindgdowever full

features are employed for trainingestage trackersherefore more attempts should be

made to reduce redundancy during training to further improve thetdéong tracking

results.
Table1-2 Summary of adaptive longerm tracking methods
Si amers _ o Backbone
Methods DL Year AUC Pr etirm¢ Training
on®gt ag structure
TLD [20] No 2012 0. 2 N A N A N A NA
LT-FLO
No 2013 - N A N A N A NA
[34]
PDCT[36] No 2018 - N A N A NA NA
GlobalTrack ) Full Full
Yes 2020 0. 5 Si ame Re st
[39 featu feat.!
) Full Full
LTMU [40] Yes 2020 0. 5 Si ame Res dét
featu feat.!
. ) Ful I Ful |l
U[41] Yes 2022 0. 6 Si ame Res Nt
featu feat:!
Si mTr Parti Ful | Vi-or
Yet202070 Onest ac
[4 B featu featit encod
OSTr a Parti Ful l Vi-B
Ye:202071 Onet ac
4} featu featit encod
Parti Ful | Vi-B
MAT4P Ye:202067 Onsetac
featu feati. encod
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130bjtéc ackainlgoring for various challenges
Most tracking approachefocus on improving overalltracking performancewithout
developing specific strategies to address tracking challeSgesrior overall performance

is fundamental tmbject trackingHowever, tacking challenge§.e., full occlusion fast
motion, illumination variation, etc.pre the most direct causes of tracking failures.
Tracking challenges are prevalent in most tracking scen@uaxsusion is one of the most
extensively studied tracking challengadnlike occlusion, background clutter is less
extensively studiedBackground clutteindicates that multiple distractors in the scene
resemble the targelt is one of the most challenging factors for adaptive object tracking
[50]. Thereforepackground clutter ighe priority of this research

Authors in[51] present a method to track the contour of the object in cluttered background
by utilizing optical flow and edged his approacltanhardly achieve good tracking results
when the background severelycluttered Panda et a[52] striveto decrease the intensity
and spatial resolution of images to mitigate the influence of distradtbis idea also
weakers somesignificant representationsf the target. Mueller et a[53] propose to
integrate the global context informatioro correlation filterbased tracking algorithms to
cope with background cluttéFhisimprovesthe baseline methalibstantiallyLMCF [54]
combines SVM and correlation filtes for tracking, thereby possessirrgattime
performanceand promisingdiscriminative ability LMCF proposesa multimodal target
detection mechanism for background cluttérindicates that the highest peak of the
response map is not necessarily the tgpgsttion. To tacklethis problem, thaletection
mechanisnredetects other peaks and utilizes the highest point of the second detection as

the target positiortherebyalleviaing theimpactof background clutter.
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PGNet[55] is proposed to diminish the background involvement, whacb@xel of the
search region is matched with the whole template by similarity computatierrelatios
amongneighboring pixels$n the search regioarenot taken into accoun®n the contrary
KYS [56] increases backgroundanicipation by introducing scene informatiofmhis
approachcategorizes and models three typesstdte vectorsjncluding the target,
distractors andhe backgroundThesestate vectors are utilized throughout all the frames
for reference Thus, the object and distractors can be traclgshultaneously This
substantially reduces thaisidentification between the target and distractbiewever,
KYS is not capable oficcurately tradkg the target in realime when densédistractors
appear or when more than one challenge arises, e.g., occlusion and background clutter.
Nevertheless, dense distractors atitertracking challenges often appear simultaneously
in real world scenarios, i.e., densely crowded pedestrians and vehicles at intersections.
Tracking algorithms should be optimized to cope with these scenarios.

Afterwards KeepTrack57] and NeighbourTracks8] are proposed to improve KY[S6]

by developing more complicated tracking strategidwese two trackers also track the
target and distractors simultaneousdytacklethe problem ofbackground clutterThe
tracking performance is improvedith the decreasef inferencespeed due tonultiple
tracking targets and complicated tracking framewolMsreover the more distractors
there arein the scenethe more timeonsuming these trackergill be. Thus, hese
algorithmsare not optimal when there atense distractors the scene.

Updaing target appearance in a timely and accurate manm@oves thaliscriminative
capability of tracking algorithms under background clufiére reason is thatgnificant

appearance variation tdrges lead to mismatches betweedhe targetanddistractorsin
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the case ofbackgroundclutter. Therefore, appropriate update ofarget appearance
contributes to coping with background clutteurthermoreno additional computation is
required even in the presence of dense distracitverefore, timely target updating is
suitable for handling dense distractors uraikground clutter.

To adapt taheappearancehangeof the targetprevious trackeri®9], [60] develop online
learning classifies to enhance the trackebility to distinguishthe target from the
background The online classifiers are utilized tomplement theffline classication
results.The input features of online classiieto notperforminformation interactionthus
lacking sufficientdiscriminative ability Several Transformetbased trackerg30], [42],

[61], [62] propose to adapt to target variation by introducipdateablelynamic templates.
Representations of fixed and dynamic templates interact with features of search region,
thereby generating mogeiperiortracking results.

A recent methodi63] increases the number of static templates and dynamic templates by
multi-scale cropping two template framé&&arying targetappearance and its spatial and
temporalcontexts aréntegratedto predicthigh-quality tracking resultsDespite the high
performance, this algorithm selects dynamic templates finbenmediate framewithout

being labelednanually The reliability of dynamic templatesi®t as high as that of fixed
templatessince fixed templates aemnotated preciselfl herefore, argetrelatedcontens

in dynamic templates ight be obscured by a large amount of uninformakimekground

noise The increae in template number alsausedonger processing tim&hereforethe
background noise should be eliminated to highlight the target information and to reduce
the running time of the tracking model. This is beneficial tdrdeking model for dealing

with background clutter.
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Table 13 illustrates the representative tracking algorithms dealing with background clutter
andthe benefits and drawbackd these method®L and AUC denote deep learning and
the area under curvenetric on OTB100 datasetlt is obvious that non dedparning
trackerscan not achieve high performance since #gyoithandcrafted featuresSeveral
deep learning approaches aim to track the target and background dissiauitiemneously
These methodachieve superior results when dealing with background clitterever,
the tracking frameworkef these methods aexcessively complicated\dditionally, the
speedf the tracking modeldecreasewith the increase of background distractdriisese
methods are not suitable fecenariosvith dense distractor®roContEXT[63] focuseson
target updatesiowever, itintroduces noises and increases compleXitgrefore, trackers
should beimprovedto handle dense distractoumderbackground clutteand strive to
maintain reatime tracking.

Table1-3 Representative tracking methods under background clutter

Met hodDL Yeal AUC Benefits Dr awbacks
[51 No 199 - Track targe Hancdr aft ed
Re d uicneaigret eanrst We a kkeetya r g e
[5P No 201 - ]
resol uti represent.

CACEB No 201 0.5 Global <conte Hancdr aft ed
LMCE}) Yescs2010.6 Multimodal t Li mipteed @¢rem
Wi t hroeultat i o

tn

PGNEth Yes 202(0. 6 Less backgr ¢ _ .
neighborin

Track the ¢ More distra

KY $ b Yecs 202 0. 6 ) ) )

di stractor s timensumi.

KeepTr Track the ¢ More distra
Ye 202 0.7 _ _ _

57 di stractors timensumi.

ProConi Target a da Noissemd rde ge
Ye 202 - I _ PP , v

[6 B spatiotempo byymamic te
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(A) Researclguestion

According toabovementionedesearch gaps, the research question is shown below.
How to develop adaptive tracking methods with enhanced performance for arbitrary
objects in complicated tracking scenarios based on deep learmhgfdel performance
means highesuccess ratfAUC score)and precision longer time for accurate tracking
and stronger ability tdeal withtracking challenges

(B) Researclobjectives

Objective 1

Develop asuperior shortterm tracking methodintegrating multiple informatiorfor
category agnostic objects of complicated tracking scenarios by utilizing deep learning
The aim is to enhance the adaptability @edformanced.g., AUC score, precision and
normalized precisionof the tracking method for tracking arbitrary targatscessfullyn
challenging sequences.

Objective 2

Develop an adaptive loAgrm trackingalgorithmwith improvedtracking capability for
arbitrary object®y incorporating masked image modeling (MIM) into titaéningprocess.
The goal is toreduce redundancyin the training process by feeding partial input
representations fdiurther improwng the long-term tracking performancend strive to
maintainreattime longtermtracking.

Objective 3

Develop a adaptive trackingapproachwith admirable ability to cope with dense

distractors under background clutter.
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The goal is to improve the tracking method specifically to cope with background clutter
(one of the most challenging s@eics) while still maintaining outstanding overall
performanceindreattime capability

15Research contributions

The main contributionsf the dissertation aummarizd as follows.

) Anovadaptrnaecki ng al gorithfmor TIGRL&€) fiirsstdenve

obj e At icvhemanwnaerle convol utiiso na pophlbfeekd t(uQ @&B)

fusionthadulecapture gl obéalé napnudt |foecaatlu riens

(i) TGLCaml percei ve channfedatiumrfeo rrmeaptBaddndhnafat i

spati al and sahuwtninleibowoedcet ees s entT@LC i nf or m

achiiemprsetsrsacvkeisnugl t I3t rme@l runni ng speed

@ii) MI MTr acli pgoposed for thelegempbogsr besear

encoder and decoder to fuse representat.

fully during training and inference.

iv Instead of feeding the pardeddrthdbumbht i epr ¢

is fedhe neéowmcoder for MI MTracki ng. Thi s

redundancy and urges the tracking networ

(v Abramedw i dea is explored by directly

the training pr oThesss noofv €éMIr NliTan@ar cgkmi ensg .t h e

| om@e@rm tracking performance.

(v ATPTrack is developpPpdPfandt8RPtihli odk ® ba rea

to prune dynamic templates and the sear (

pruning, target information is highlight
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(vii A novel similarity ranking mechanism is
t arrgeeltat ed htewleatnhse r el i ability of the inf
dynamic templ at es.

(vii) Experi ment al resul ts i ndi catceit htehtat ATP’
tracking perf or mance on mul tiple dat as
computati onal consumption. ATPTrack al so
di stractors umnder.background cl u

160r gani z aédiosns eorft athi on

The rest of thalissertation i®rganizedas follows

Chapterttwo reviews the advanced literature in related fields, e.g., adaptive tracking, target
appearance update in visual tracking, multiple information integration, masked image
modeling in vision and redundant token trimming.

Chapter three presents a nowtelcking methoddubbedTGLC for adaptive shoitierm
tracking.This methoddevelops a admirable feature fusion module for integrating glebal
local information and channel information. TGLC is compared priévailingmethods on
popular datasets. The key components of TGLG@hbl&tedespectively to determine their
functionalities

In chapter four a masked image modeling enhancégcking approach named
MIMTracking is developedor longterm object trackingFirstly, the overall tracking
framework andkey parts of MIMTracking arelaboratedSecondly, themplementation
details of the tracker aredescribed.Finally, a series of comparison and ablation

experimentareconductedo assess the proposed tracking method
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Chapter fiveproposesn alternating token pruning trackermed asATPTrackfor object
tracking.This method highlights the target region Bmtterhandling tracking challenges
especially background cluttesith reduceccomputational complexitylhe novel DTP and
SRP blocks are firglaborated, following by the training and inference detait&n the
tracking results are obtained from multiple benchmakspmpaniedyy the performance
under different tracking challenges.

In chapter six theproposed two tracking algorithms (MIMTracking and ATPTrack) are
evaluatedon reatworld video sequencesapturedby a cameraThe tracking results are
visualizedframe by frame to determine the tracking performarfdbe proposed trachg
algorithms

Chapter sevenoncludeghe research work and the main contributions of the dissertation.

Finally, the limitations of theesearctand future improvements are discussed.
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Chapter 2 Literature review

2. Aldaptivemet holdsng

Correlation filtenCF)-basedrackes aredominant nordeep learning tracking approaches.
The workflow of correlation filtedbased tracking methods is summarized in FigutelP
depicts two main stepsfor correlation filter related tracking methodsyhich are

respectivelytargettracking andilter update.

th "

_|Load the i* frame, n is
> ke

the number of frames

@ Yes

No

Compute the correlation response
of i* frame and (i-1)" filter

v

Target location of i frame is the maximum
value location of the correlation response

v

Crop a patch in /* frame, centering at B
the target location

.

Generate a 2D Gaussion Shaped label set with a
peak in the center and the same size as the patch

v

Update i* filter using the patch,
label set and (7-1)" filter

Figure2-1 The workflow of CFbased trackers
MOSSE[64] is the first method that shows the efficiency and accuracy of correlation filter
based tracking methodk also indicates the potential of correlation filsen tracking.
Henriques et al[65] propose a trackingy-detection approach (CSK), which takes
advantage of the circulant matrix theory and kernel titacceleratethe tracking process
dramatically. Both MOSSE and CSK extract gray features for tracklogiever,gray
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features are sensitive to object appearance variation. In order to pstifongertracking,

KCF and DCH21] replace gray features with HOG featurB<F is fastelin tracking
speedy using linear kernels, while KCF is more accurate with gaussian kernels. Danelljan
et al.[66] utilize multi-channel color names (CN) to improve CSK. However, none of the
above methods take into consideratiba scale variation in object tracking. Subsequent
research works such as SANE~] and DSST68] adapt tracking to scale variation. DSST
performs scale detection after completing translation detecB8MF conducts scale
detectionand translation detection simultaneouSybsequent studies wiisual tracking

[22], [69], [7]] not only improvethetracking results but also maintain rei@he tracking
capability.

The abovementioned correlation filterbased tracking methods utilize handrafted
features These preliminary low-level featuresconstrainfurther improvement ofthe
tracking performance. Deep learning accelerates the development of adaptive tracking
algorithmsdue to thedeployment ofdeeprepresentationsdDeeprepresentationsontain
abundant semantic informatiothereby enhancing thdiscriminative capability of the
tracking method$or coping withmore complicatetrackingscenarios.

Deep learningbased tracking methods have experienced great development since they
were proposed. Siamebased tracking methods are gradually developed into the
dominant tracking approaches. Siamg] is the first Siamesbased approacht mainly
utilizes a shared fully convolutional network to learn the backbone features for exemplar
image and candidate imadéden a similarity function is exploited to compare and generate
the similarity map of two inputs. SiamFA€trained offline with large datasets, achieving

promising tracking results.
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Mainstreantrackingmethods can be divided into several categories according to the types
of the prediction headsSeveralmethods such as ATOWW 1] and DiMP[72] belong to

loU (Intersection over Uniorype regression, which employ loU prediction for box
refinement after a rough estimation. The architecture of ATOM contains an flined

object estimatiomomponenand an onlindrained classificatiobranch The loU predictor
estimates the overlap between the object and the obtained boundingheoonline
classifier can improve the discrimination ability for the object.

RPN+type tracking approachdgg4], [73] integrate region proposal network (RPNY]

into Siamese based tracking methotlsese methoddefine many anchors and refine the
anchors to perform accurate tracking. However, this type of methods only utilize positive
samples (Overlapping between anchors and the object is larger than 0.6) for training of
regression branch. It can hardly refinelaors with small overlap.

The above problem can be solved by andhee regressiarAnchorfree regressiodoes

not require pralefined anchorRRepresentative algorithms include SiamFQ#3], Ocean

[59], Alpha Refine[28] and RPT[60]. Instead of refining anchor boxes, anchree
methods predict feature points or length parameters of the bounding boxes directly. Ocean
[59 predicts distancesf the object tothe four edges of grounttuth boxesThis method

also gives information abouthe object scale in each frame. Alpha Refif#] is a
refinement module that can considerably improve the tracking performance of base
tracking methodslts regression network predicts gt corner and bottomight corner

of the bounding boxes.

The last category is magipe regressiarPopular algorithms consist of SiamMaglq],

D3S[76] and DMB[77]. Masktype tracking approaches have high tracking precision due
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to pixelwise estimation These methodgerform object tracking and segmentation
simultaneouslyThe bounding boxes rotate freely according to the shape of the object.

In addition to tracking prediction heads, research on different backbones and feature fusion
modules is also crucial for enhancing tracking methéddgsmentioned in the previous
chapter, Transformetbased algorithmg44], [78], [79] are becoming increasingly
dominantdue to their pwerful globalfeature reasoning and interaction capabilities
Transformer related trackemsxperiencea transition from separate to simultaneous
representation generation and integraligi), [44]. After transition a pretrained backbone

is typically exploited to extract and interact representatisyischronouslyfrom input
images.A lightweight network isultimately employed to estimate tracking result$is

joint designdelivers performance gains

Pioneering Transformdrased tracking methodg9], [3(]] typically follow the Siamese
tracking paradigm, which contain a CNissed backbone for feature generation, a
Transformetbased feature integration module and a prediction head for tracking result
estimation. Sefattention and crosattention in Transforer allow for better feature
communication between the template and search region, thereby improving the tracking
results significantly. SwinTracf8(] designs a Transformer only trackif@mework to

fully explore the potential of Transformer in visual tracking. It achieves prevailing tracking
results on several wellnown tracking benchmarks. AiATra¢R1] develops an attention

in attention mechanism to highlight meaningful attention weights and restrain unnecessary
correlations. This mechanism is utilized to modify the existingatétition and cross
attention modules and is applied to object trackingldading tracking performance. A

contextaware longterm context attention (LCA) module is presenteflGf for dealing
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with target appearance variation, background clutter, etc. This greatly improves tracking
results on multiple datasets.

Onestage trackers are recently proposed for unifying representation extraction and
integration. MixFormer[42] designs a mixed attention module to build the tracking
framework. This approach enables synchronous feature generation and interaction. Its
multi-template online update mechanism also contributes to impressive tracking outcomes.
Several trackerfA3], [44], [4€], [47], [49] are very relevant to our work, which employ
vanilla ViT [82] encoder as the tracking backbone. These algorithms achieve superior
tracking resultsAuthors in[44] propose a singistream tracking method for visual object
tracking. The emplate and search region amit into noroverlappingpatches, followed

by a linear projectiorprocess for mapping these patches into different tokd@hen a
pretrained VIiT encoder is utilized as the backbfoefeature extraction and relation
modeling.An early token elimination module is designed to remove background tokens in
search region foalleviatingthe computational burde®imTrack[43] develops a similar
tracking framework td44] by employing the VIiT encoder as the tracking backbone.
Uniquely, SimTrack crops and maps theentral patch of the template imaged
concatenates it with all template and search tokens as the input of the badkiiene.
strategy improves the tracking performance.

DropMAE [46] extends the masked autoencoder (MAE) in matcbiaged tasks such as
object tracking. Iteconstructthe frames in videos by conducting spaéitiention dropout.
DropMAE generates stronger pretraining parameters for tracking and segmerjtagjon.
and[49] develop novel selupervised pretraining methods kgconstructing both the

template and search region for visual trackifigese methods incorporate masked image
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modeling into the pretraining process of the tracking madétr pretraining, the decoder

is discardedTherefore, only encoder is utilized for trackimgdeltraining and inference
ARTrack[78] andSeqTracK83] consider visual object tracking as a sequence prediction
process across all frames in a video. The coordinates of bounding boxes are obtained from
a decoder rather than regular prediction heads. This idea aligns with the essence of object
tracking. Howeverit is highly timeconsuming due to complicated desigGRM [79]
develops a relation modeling approach for visual tracking. The token division block is
proposed tacategorizesearch regiortokensinto targetrelated tokens and background
tokens, thereby enabling integration of key representations between the template and the
search areaROMTrack[84] proposesan objectencoder forinteracting features ahe

hybrid template, inherent template ahdsearch aredt achieves statef-the-art tracking
performancen multiple dataset3 he success of orstage tracking approaches indicates
thatparallel feature generation and interaction contribute to the improvement of tracking
performance.
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Timely appearance update issentiafor visual trackingapproachesCurrently, here are

two prevalent strategies for embedding updated target information into the tracking
framework One approach involves introducing a branch for online learning to optimize
the tracking model outputs, thereby enhancing the model's discriminative capability
betweenthe target and backgroundistractorsIn this categorysome tracker§60], [71]

attempt to develop aanline trainedclassifierto predict the classification maps for the
target and background region$he latter aggregates weighted online and offline

classification results to obtain the final classification sc@P [72] updates model
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parameters by utilizing both the target and background features during inference, which
designssophisticatedbjectivefunctions and optimization modules to improve tracking
results.Another work[59] proposes an anchdree tracking architecturdt presents a
lightweight online network to incorporate changing target appeaianttee process of
inference Despite achieving promising tracking results, the aforementioned methods fall
to interact input representations of the online module sufficiently, thus restricting the
identifying capability of the online module.

Theother strategy directly renews target appearance by updh@ngference templase
UpdateNef85] proposes a compact convolutional network specifically for Siamese tracker
updating.lt aspires to select the most suitatdeplate for the next search region among
the initial frame, intermediate frame, and the currgdame. With the success of
Transformer in the field of computer vision, the attention mechanism has been introduced
into Siamesdype tracking algorithms to fuse features from different input branches.
TransFM [61] designs Transformdrased feature integration module &ggregate
representations from search image and multiple templatesoU-related mechanism is
presented to determirvehether to update the dynamic templ&ienilar to [61], STARK

[30] also adopts static and dynamic templatectpuirepreliminaryandmore recent object
information updated by aseparateestimationbranch Although both methods show
impressiveperformance, they requirecamplicatedwo-step strategy for training the main
structure and the updating heagkpectively

The latest advancement Transformetbasedtracking seeksto unify feature extraction

and integration which improves tracking resultsy a large marginMixFormer [42]

introduces synchronized feature generation iatetaction for the first time. It desigms
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specific attention mechanism aadcoreblock for template updatingHowever, the score

block of MixFormer is trained after the main framework as well, whasults in excess
training time To tackle this issue, TATradk2] and ProContEXT63] propose to exploit

the built-in classification scores to determimlynamic template updatdhis strategy
alleviates the training burdelmspired by these two trackers, we also adopt-bustores

to renew dynamic template3ifferently, our trackerexploresdiverse update intervaind

handles dynamic templates in a different way.

23l nt egr antuil om pdbfe i nf ormati on

Multiple information integrationenhances the discriminative ability of visual models
BoTNet [86] proposes a Bottleneck Transformer (BoT) block to build a new backbone
framework, which incorporates selftention into the bottleneck block of ResNet. This
method is capable of extracting global and local feature information and achievesd-state
the-art performance in object detection, instance segmentation and image classification.
Xu et al.[87] present a cecale image classification method, which utilizes depte
convolutions to build position encodings and relative position encodings for transformer
attentions. A great number of serial and parallel modules are employed to estimate multiple
scales. This proposed method outperforms existing attebéised or convolutichased
classification approaches. CoAtN&#] introduces an efficient combination of ConvNets

and Transformer attentions, which retains superior generalization ability and model aptness.
This algorithm realizes statd-the-art classification performance. Conformgg9
develops a doublbranched structure with convolution network and attention network in
separate branches. Global feature representations and locally detailed features are

communicated in a feature coupling block. This method leverages the advantagis of bo
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convolution and Transformer attention, retaining exceptional performance for
classification and detection. Mehta et [&l0] design a lightveight network combining
CNNs and transformer for light mobile devices. This network learns global representations
with time-efficient transformer and demonstrates admirable performance on ImageNet and
object detection datasets.

Woo et al.[9]1] develop a network integrating channel attention and spatial attention
mechanism, which is suitable for almost all ConvNets. It considerably improves the
detection and classification ability. An advantageous algorithm is introdudéd]ifor

object detection of UAV images by integrating CNNs and transformer attention. The
integrated algorithm achieves advanced detection performahaag et al[93] present

an object detection method by adopting deep convolution network as backbone and
attention mechanism for emphasizing important features. A cell segmentation approach is
developed in[94] by fusing features of CNNs with representations from Transformer
attention, which improves the segmentation mloU scordeU Transformer[95] is
proposed for precise medical image segmentation, which employatseifion and cross
attention to enhance the conventionaNet for establishing longange relations. This
method brings improvements to segmentation accuracy.

The aforementioned methods are capable of leveraging the advantages of attention and
convolutions. Global and local feature representations are established for improving the
performance of vision task$lowever, most approaches are developed for building a
general backbone architecture for vision tasks, e.g., image classification, instance
segmentation and object detectibtultiple information fusiorcan be attempted in visual

object trackingor improving tracking performancéhis will be explored in chpter 3.
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Masked image modeling (MIM) isapable of reconstructing corrupted images in the field

of seltsupervised preraining [96]. BEIT [97] maps the input image into a series of
representative tokens and randomly masks a percentage of patches before sending the rest
to the backbone. The aim is to reconstruct the tokens of the input image. Thanee
encoder is then finauned for downsram tasks such as semantic segmentation. MAE
proposes an asymmetric framework for selpervised préraining. This method utilizes

an extremely high masking rate of 75% and predicts the pixels of the masked patches rather
than tokens. MAE achieves impressive finaing and linear probing accura@nd
demonstrates strong scaling performance as well. Another w@ijifeeds the encoder

both the visible and masked patches for representation learning. This method manifests
that simply designed structures are sufficient to learn admirabletrgimeng
representationdMIMDET [99] exploits MIM strategy to train a detection model without

the need for selfupervised reconstruction. It achieyesvailing detection performance.
Huang et al[10( integrate masked image modeling into hierarchical Vision Transformers
(ViTs). This method develops a group window attention mechanism to alleviate the
computationalcomplexity of seHattention. It also proposes sparse convolution for
processing incomplete input information in masked imag#d$-MAE [10]] presents a
uniform masking strategy for MAE piteaining of hierarchical ViTs. Uniform sampling

and secondary masking are two main components iRMAE. This method possesses
promising transferability on downstream visual tagkd increases the efficiency of the
pretraining proces€onvMAE [10Z combines masked convolution and Transformers in

masked autoencoder pretraining. It also propasédock-wise masking strategy for
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efficient pretraining Thefine-tunedmodel achieves superior object detection performance.
LoMaR[103 proposes to perform local masked reconstruction within a tiny region for the
purpose of reducing pretraining time. This reconstruction strategy has attaptability

and flexibility to other seHsupervised pretraining methoddixMAE [104] presents a
novel selfsupervised pretraining approach by replacing the invisible patches of one image
with patches of the other image in the same positions. Then it reconstructs both images
from the combined image. This process improves the pretrainprgsentations and
efficiency. The attempts of masked image modelimghe field oftracking areslaborated

in chapter 4.

25Redundahkseinmpl i ficati on

Tokenpruning has become increasingly important since the demand for speed in visual
tasksexpandedVisual token trimmingaims to identify tokens with strong semantics and
discard uninformative background tokettsereby reducintghe processing timir visual
models.Most token trimming algorithms are incorporated into Vision Transformer (ViT)
[82] or its variants to mitigate the computational complexity as V&Tcapable of
processg sequences of varying lengti®SViT [105 equips VIiT with token pooling and
weight sharingstrategies to reduce spatial and layse redundancy Evo-ViT [106
develops adualbranch token propagation approackhe class token is utilized to
differentiate betweerelevantandirrelevanttokens.Only relevant tokens affedinto ViT

with a symbolic token communicating with irrelevant tokemy/namicViT [107]
integrates an importanessessment schetoeViT for eliminatinginconsequential tokens

It reduces thé&LOPs significantly A-ViT [10§ estimates dermination scordor each

token of every layer. Agoken is removed when its accumulated termination score surpasses
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a certain threshol&TA[109 presents alug-andplaytoken trimming approach for video
Transformer, which alleviatéemporal and spatial redundancy

Tokenmergingis similar to token pruningThe formermproposes tanerge uninformative
tokensinstead of removing thenToMe [11( presents a matchidgased approach to
merge adjacent tokens with similar contents. It improves the throughput of current ViT
methods and works ethe-shelf with no training requiredduthors in[111] develop a

token merging algorithm thadentifiesredundant tokens and represents the tokens with
one token. This method can be embedded into the layers of VIiT for accelerating the
calculation. The tokemergingrates can also be controlled by the presented learnable gates.
ToFu [117 integrates the advantages of token merging and token trimming. A novel
merging algorithm is presented to improve the average merging method utilized in previous
works. It also retains the norm distribution of tokehsiew token compression approach

is proposed 113 for large Transformer models (e.§iTs). It performs token pruning

and token merging simultaneously with learnable compression rates for different layers.
This method achieves impressive results wiligaificantdrop in computational FLOPs.
Despite a superispeedperformance balanc¢hese token simplification algorithms are
devisedfor a single image or a video sequence.

Tracking scenariosypically requirea search area and one or more templateshe
referenceSeveral trackerf44], [46], [63] propose to pruneedundantokens of the search
areagradually whichclearly decreases the training and inference tiNeverthelessthe
introduction of dynamic templates|[i3] for considering targetariationnotablydecreases

the speed of th&ackingmodeland bringsuninformativenoise. Therefore,appropriate

pruning of both search area aighamic templatewill be aninsightful research topic for
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visual trackingTo the best of our knowledge, research on this topic is exceedingly limited.
As demonstratedn charter 5,extensive research onettiopic is conductedor object
tracking.

26Summar y

The related works of adaptive visual tracking and existing problems of these approaches
are discussed in this chaptéiirst, the development of adaptivecking methods is
thoroughly reviewedSubsequently, a review of researchratatedareas (e.g.target
appearancapdates in tracking, multiple information fusion, masked image modeling and
token simplification) is conducted to assess the currstattus of these research fields,
containing the strengths and weaknesses. It aims to identify impactful directions for object

tracking studied in the dissertation.

33



Chapter 3 Multiple i nformation fusion for adaptive tracking

3.Met hodol ogy

3.1.1 Overalltracking framework of TGLC

TGLC develog a novel feature fusion module incorporating global lomgge
representations and locally detailed features of images. Channel information is also
exploited in the feature fusion module to improve the tracking performaheaverall
tracking frameworlof TGLC is shown in Figur&-1, which consists of a shared backbone

for feature extraction of template and search region, a feature fusion module to aggregate
backbone features of two branches, and a key point prediction heagkrferang
bounding boxesThe first four convolution blocks of ResNetB0L4] are exploited to build

the backbone. In order to retain more detailed feature information, the stride of the down
sampling of the fourth block is set as 1. Additionally, a dilated convolution with a dilation
rate of 2 is employed to replace the second/clion of the fourth block to obtain a wider

field of view without increasing the computational cost. The accumulated stride of the
backbone is 8. The template and search region are separately cropped from the first frame

and current frame. Their backlmfeatures are further extracted by the shared backbone.

Backbone Feature Fusion Module Prediction Head

Search Region

256%256

Figure3-1 Structure of the proposed TGLC
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3.1.2 Multiple feature fusion

I, I RS and || RI%#+ respectivelyrepresenthe backbone features of template

and search region, whefg is the channel number (1024H,, W,, H, andW, denote
separatelyheightsand widths of the template and search region. These two backbone
features aredimensionally reduced to 256hanne$ for the purposeof improving

computational efficiencyThen they are flattened spatially, resulting in two new features,

Hsa W,

I, R% %% and |_ i R%+ . C,is the new channel number (256)atteningis

t2
necessary for Transformer attention since flattened feature maps areommetationally
efficientthan original feature maps for attentions. Howeflattening operation will cause

the loss of one dimension of imagevhichwill lose the spatial connectismmongpixels

In order to solve this problem, positional encoding is incorporated and added to the original
feature maps before flattening. Positional encoding generatedebgrsd cosine functions

[119 is utilized in our feature fusion module. After dimension reduction and feature

flattening, I, and I, are fed into the feature fusion module.

The feature fusion module is demonstrated in Fig8sgs3-2 and3-3. Selfattention and
crossattention merely focus on global information of feature maps, ignoring the local
detailed information. Local features agspeciallyimportant when there are tracking
challenges such as similaistractors In order to tackle this issue, channelaware
convolution block(CCB) is appliedbehind each multi-head seHattention and cross
attention. The block consists of a1l convolution, a 83 depthwise convolution, a
squeezeandexcitation layer (SE layef)L16 and a k1 convolution. Convolutions are

capable ofcaptuing local featuresof targets with bettetranslation invariance and
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generalizationability, which can be exploited t@omplementthe deficiencies of

transformer attentions.

A
N
D
A
MHCA

Positional q4 Positional 94 k4 v4 Positional

Encoding @‘I”‘_"r"’ Encodingl > < ) Encodi ng2

(a) GLSA (b) GLCA

Figure3-2 Structures of GLSA and GLCA

Channel-wise
Multiplication

/
/
/ Matrix
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/ 'y
/
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Product Attention Product Attention
...... \
\
\
k Kk \
‘ ! ‘ ! \Cog K
(a) MHSA and MHC, (b) SE in

Figure3-3 Structures of MHA and SE in CCB
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Figures3-2 and3-3 show the detailed structures combining attention and convolutions in
globatlocal selfattention (GLSA) and globdbcal crossattention module (GLCA). The
difference between GLSA and GLCA is that theery ), key k) and value\f) in GLSA

are from a single branch, while they are from two branches in GLCA. The first block in
GLSA and GLCA is multhead attention, which includes mtftiead seHattention
(MHSA) and multihead crossittention (MHCA). The structures of MHSA and MHCA
are identich while the queryd), key k) and value\{) follow the difference of GLSA and
GLCA. Multi-head attention comes from scaled-doiduct attention, the scaled dot

product attention is described in E&:1).

Att(q, k, V) = softmax(@® (¢ §2 ) (3-1)
where g,K,V are three matrices andi R™* , ki R™% , vi R**. N, and n are
respectively the sequence length for the query and thedkegnd d, denote dimensions
for the key and the valuel, =d, in this caseT denotes transpose of a matrix. Softmax
function is used to map all elements iffol). For " elementf, |;; ,,, the softmax value of

f. is shown in Eq.%-2).

softmax(f, )=— exp(f,)

a o) (32)

Multi-head attention exploits multiple scaled-godduct attentions to obtain information
from numerous subspacfgxl]. The calculation process is demonstrated in Fi§Béa).

a,k, Vv are linearly transformed into different inputs for several sihglad attentions by
n sets of linear transformation matricéé°, W andW" , ii n, wheren denotes the

number of heads. Outputs from different heads are concatenated and then transformed by
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another linear transformation mati¥ . The process is calculated in E&.3) andEq. 3-
4).

MH _ Att(q, k, v)= ConcatHead ... ,Head )\ (3-3)

Head = At( qW, kW, v\) (3-4)
The input of multhead attention is added to the output to form a residual connection,

which can alleviate gradient vanishing and network overfitting problems. There are two

cases in MHSA of GLSA, which results from two input branches, the templatesiegtur

and search region featurés MHSAs of search region branch and template branch in a
residual form are illustrated in E@-5) and Eq. §-6), respectively.

Y,=I, MH_Att(q & Gtk I.=Gw I) (3-5)

Y=l MH_A(q £ Grk L =Gw |) (3-6)
where G, and G, are position encodings fdr, and |, . There are also tweypes of
MHCAs in GLCA where the query is from one branch, the key and the value are from the

other branch, which are demonstrated in Be/)(and Eq. §-8).

S

Y, =l MH_At(g & Gtk 1,=Gw 1) (37)
Yt_szlt -lMH_Att(q 1% thk Is:@v ls) (3'8)

Layer Normalization (LN) is utilized after muliead attention for speid up training
and convergence of the model. E8-9) demonstrates the calculation process for LN,
where X is the input with the mean: and standard deviatiod. N and € denote the
number ofchamels of X and a small positive value to prevent a denominator of O,

respectively.@ and b are learnable scaling parameters.

38



LN(X) =a é'd_’" 4 (3-9)

10
mzﬁia;l X (3-10)
1N
d:\/ﬁg()g -m o+ (3-11)

The next module is the chanrehare convolution block (CCB), which is employed to
capture local feature information, complementing with the Amgléid attentions that focus

on global feature information. There is another superiority of this module, vughible

ability to perceive channel information of the feature maps. This superiority is achieved by
SE block shown in Figur8-3(b). Convolutions and attentions can only exploit spatial
information of the feature maps, which fail to leverage feature charfoemation. The

use of SE block in CCB provides plentiful information of different channels for tracking
models.

Assuming tha¥ is the input of CCB, which is reshaped into a 3D feature reyith
shape of[C,H,W]. ¢, H and W denote channel number, height, and width%of

respectively.C =256, H =W 6 for template branchH =\W =32 for search region
branch. The first part of CCB is a convolution with kernel size of 1, which is utilized to
expand the channel dimension from 256 to 1024. The convolution is followed by a batch
normalization and a ReLbonlinear activation function. This 1x1 convolution is depicted

in Eg. 3-12).

hinkl=8 & &mnil ®mk i+, + j i (3-12)

m i=1 j &
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whereK is the convolution kerneh is the convolution outputn= 256, n =1024denote
the number of input channels and output channels, respeclikglyand ¢ represent the
coordinates of any point ik and multiplication. Batch normalization is similar to layer
normalization, the difference is that denotes batch size for batch normalization in Eg.
(3-10) and Eq.%11). ReLU is defined as Eq3-(3).

ReLU( ¥ =max(0, X) (3-13)
The second part of CCB is a 3x3 deptise convolution, which is demonstrated in B3. (
14). K denotes the convolution kernel with size of 3. The channels of the kerribe
feature mapX and the output map have a ondo-one correspondence in deptise
convolutions, which makes them simpler and more efficient than regular convolutions. A
batch normalization and a ReLU activation function are used after the-wlisgth

convolution.

Mnkl=3 & &nii ®nk L+ | 4 (3-14)

n i=0 j ®
The third part of CCB is the SE block, as shown in Figug€b). InputX is first fed into

a global average pooling module, as demonstrated by E45),((3-16) and (317). This

module calculates the average valyelong two spatial dimension& and H of X,
where X is the feature map af' channel ofx. Y and C denote the output and the number

of channels inx, respectively. Two linear layers (H&yer9, W, andW,, are employed
after global pooling to build weights of channels, as shown in Ef8). A is a ReLU

activation function.Sigmoidg\, (A (W y)) is the final channel representation, which is
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applied to the inpuk as channel attention weights by channee muItipIication.fE IS

the output of SE block.

X :{ X ‘tl’ {1,2,...,(:}} (3'15)

Y= s al Jéx(i, ) (3-16)

y :{ Y ‘tl' {1,2,.,.,0}} (3-17)

¥£=SigmoidgW, ( AW y) gé (3-18)
. . 1

SlngId¢ ): m (3‘19)

The final part of CCB is another 1x1 convolution, followed by a batch normalization layer.

The channel number decreases from 1024 to 256. The input of CCB is added to the output

to form a residual connection. Then, a layer normalization is utilized tesidual output

of CCB, which generates the final output of the GLSA and GLCA.

3.1.3 Key point prediction head

The fused features are fed into the key poin
f arhe object. The prd@dficwhoohheadniy pnegdircte
key points for construction of {6Har éouwdi ng
folds. -wWilge De@rtrhel §6thi snnadoptedized in our p
Only features from the | ast scale are explo
features are utiliZed Thettdet arkddctst oochene
prediction head i 34wleimomsdaomdiedt 9 nofFiagurmregr e
classification branch. Two 313 convolution

respectivel y. Each convolution blockB is c¢omg
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20), a batch normalization 320J aeReBlUI| asct IEVY:
14), while the differ eknared iidnagtuda tn od h anrernceelsss
corr es pPoannddidreqn.ot e respectively the number of
out put channels, which are both 256 and r eme
prediction head. For the regression branch,
convol uti omr eadiectusceaortdi nates kolf Aheshowstis
EqB21), t De Pafsf sceatl ckpl aantliase offsg, bage offsei s an

initial set of peli ntnsd Wi)t.h val ues between

Key Points2

|

Key Pointsl Offset I
| |
A | | |
e | | |
7 & 7 K | | |
2|K 2K | | |
ClsMap | I |
(. I
| L - — ————_ 4

|

|

3x3 Conv 1x1 Conv Deformable
Block Conv Block

»
P

Fi g8%4Set ructure of key point predicti

2 2_ - % - -
Haokl=a4 & & pqi]lDpk i+ | H (320)
p i=0j#®
(Di, D)|e KP1 base_ offse (321)
Then the es {0 taend o‘fefaieatre fmagd into a def

convolution block, which includEg32a2)31 3a def
batch normalization and a RelLU activation.

| ocations to expand the receptive fields of
def ormabl e convolutions. Nevédrtt meolte sbse, ipnotseig

which is tackled by bilinear interpolation.
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(323), syhkettr & #,5=14 F f denote the coordinates
integer[tfbbsdndtomms t he coordinat efls wh\eome of

represents a coIIectf.onEBe@.fﬂ)(aiis unhtlkegeredpbaei t

gin E3) (

ﬁqk|]=é__é_éﬁpqlﬂ59k i+l - ik P1+j] (322)
ﬁn%@hiq%b@;@ ®Bpi ] 32 3)
g(uv)=max(14{u ¥.d (32 4)

Foll owing the deformable convolution bl ock,

the number of 2KXKUtKE®! dédmronhes sthe® number of

output of the 171 convol ut ikplt oi so batdadiend tthoe tshe
group of kRkeyTheiaoltassification branch al so u
bl ock and a 111 convolution to estimate the
for fotbagkgumwmdnd cl assification.

Il n order to be consi st entbawietdh [diéhiel otdrtaiil niiznegd
to transf or kpla hkp2iknetyo pbooiunntlsi s gadouxmesd t o be
predicted key points-efThe(opamdi nbaottaysotmo f t t
cor (kg s, )of the boundi ng Elq@32 6ar 82ntda,l(crue sapg ect by e

m,d,Mandare respectively the mean ahdes and

YV.i A. b,anfbare two | earnable parameters, which

scales of the transformed bounding boxes.
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A={(% )| 2.0} (325)
% %)=(m - g b, m ) 3-26)
O Yo ) =(m +g €O, ym 1) 327)

3.1.4 Loss function
As shaw@B28h, the weighted sum [@6fjagednbérabr yed

cross entropy (BCE) loss is Tanflapetedi gbt $r
Yiit box @ N Yefie box@ F € respectively corresponding bounct

sekpbankp2 y,.is predicted dl andk & e a i mwtnitha p .

boundi ng box coetrrduitnha tcelsa sasnidf igcradtaindda rieabel |,

set as 5 and 10 in the training process.
L0S%,0s = 1 LOSS0u( M vow Bood) + LOSSl Mg vox Bh)  #7 LOSSE oY o)

(3-28)
Gl ollbss is demo32sot)r a3nedd, (iwiH ®gaci s( the area of

smal |l est encl d’sainﬁ.g BOKE Ibes weleqg(3-X1a)l ,c Mhadreed i n

anare respectively the predi ettreudt ho uctlpausts cllaal

Losg,,, (Y =1 -GloU y § 329)
- _yN§E A-|Wy
GloU(y, B = -
oU(y, B yU# x (330)
< 1N, o 9
Lossee(¥ 5= & voa(y & yeyl (331)
As illustrai,edarny dadamgdiirykehet pbespriedncted cl :

BH; WV

BH, W, SBH,
ma ¥ or regr ey,

S'ivg W miacposr r esponds(RtRJoa positi

4 4



the search regiChbrt wBleen 1t dleat wonlisP3t2i)ons i s
Sis the accumulated strildie WofH atni artea acki ng

respectively the heights and widths of the p

a W W H H..
(R:R)=aéX —zf) SOEJr(y—Zfé s 50 (3-32)
¢
Clsor RegMap Sear ch Region
(Ro R)
Heo | () _° . 'Y‘ H
(Gexs Gey)
W,
w

Fi g8&Mapping relation between output map
As shobBwn33i3n, the distBOREdB ahdt geomnlell bo x
cenfGe®,)are calculated to determine the posit
the initial Ygedr @ssi onol@sGppdifotseerstmappi ng ar e
positive sampl es. The remaining positions a
sample positions are utilizeg IR0 "tiad ctuheat e i
groamdth VaheahWefe . which is obtained by re

truth c&&GdGael eds*W,t i mes .

min  {R()- G, 4R() &,)} (3-33)

LW T @ H]
As depicB8&d) jlmttteg se(ct i oloUs)o vieet Wera ro nisni(t i al r

b oXx¥%iSwand g-trlouutnldf;,bpxaxescalculated to deter min
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| ab¥gland positive and negati vey,samplred i akdc

regressi Y molbUsgwtn si W lobf | lalhgd denotes the
ma x i moUm a moloUg . BHodJcchor r espondls ,tand t aAabelrel at
demonstr a33e6d) .i nTheegr.e (i s at | east one | abel W
noloU greater t han 0.5, whi ch ensures t hat |
continuously for training. The colEl.A&clt i on of

positive sahml) eapdsneganbsvVv @ =0)a naprlee epnopsliotyieodn s
calculating classification 1lc3)s, awheda |wet iolnilze

compute the refinegedounding box | oss for

yinit _box ﬂ ﬁ)boJ

loUs = 2 R (334)
yinit_box U ﬁ)box‘
l0U .., = max{ loU, |loU; loUs} (3-35)
€0, 0¢loU, <0.4
|l =11, loU, 205 (33 6)
b1,  loU =loU,
ﬁf{'i\i l'[l,Hfo]} (337)

32Comparison experiments

Implementation details. The proposed trackingGLC is trained on the training sets of 4
publicly available datasets, GEIDk [119, TrackingNet{12(, LaSOT[50] and COCO
[121]. The network is validated simultaneously on the validation set of-BiRTevery 10
epochs during training. The backbone network ist@igmed on ImageNdtL27] to equip

the network with preliminary feature extraction capability. Center jitter and jdtetteare
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utilized for image augmentation. The center jitter factor and scale jitter factor are
respectively set as 3.5 and 0.5 for the search region, and the two factors are set as 0 for the
template. The network is trained on a workstation with a Nvidia RTX AP0 and

Intel Core i9 CPU. Ubuntu 20.04 is used as the operating system. During training, two
frames within the same video in a dataset are sampled and cropped as template and search
region, respectively. The template and search region are cropped iate pgtches with

the sizes of 128 pixels and 256 pixels, respectively. The tracking network is trained for 250
epochs with 1000 iterations for one epoch by utilizing AdamW optinjiZ&]]. The batch

size is set as 50. The learning rates of backbone and the remaining parameters are separately
set as 10 and 10*. Both ratesstart to decay after 150 epochs with a weight decay factor

of 10%. The summary of thenplementatiordetailsis shown in Table 3.

Table3-1 Implementation details

Settings Valsue
Center jitte 3.5
Scale jitter 0.5

GPU Oné&vidia RTX

CPU I ntel Core
The operating Ubuntu 20.
Templ ate si. 1218128
Search regio 2556
Epomihmber 250
| t er p eerpooncsh 1000

Batch size 50

Optimizer Adamw

Learning rate 16
Learning rate o 106
Learning rate 150

Wei ght decay 10
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Comparison experiments The proposed GLC is evaluated and compared with current
stateof-the-art tracking algorithms on 5 widely used tracking datasets. The tracking results
are shown below. All comparison methods mentioned on 5 datasets utilize a template to
assist target localization duringking.

GOT-10k [119. GOT-10k dataset contains 560 common objects and 87 motion patterns,
which utilizes 10000 and 180 video sequences respectively for training and testing. It
provides completely different object categories for training and testing, which evaluates
the perfemance of tracking methods to unknown targé@teere are 3 metrics utilized to
evaluate tracking performance @OT-10k, which are respectivelnAQ mSR s and
MSR.7s. Average overlagAO) measures the average overlap of predicted bounding boxes
and ground truth bounding boxes, which is equivalent to Success (AUC). The success rate
(SR denotes the percentage of frames with overlaps greater than the threshold 0.5 or 0.75.
The mean average overlamAQO and mean success rdtaSR are two clasdalanced
metrics.

The proposed tracking algorithm is compared with 16 sthtbe-art tracking methods,
respectively. The corresponding results are shown in TaBleThe proposed method
TGLC (Ours) outperforms existing tracking approaches on -GQKI benchmark. The
MSR.7switnesses the largest improvements among them.

Table3-2 Tracking results on GGTIO0k

Tracking mAQQ m S Riis MR . G s
TGLC (Ou 0. 67¢ 0.800 0. 607
S amGAT|4 0 627 0. 743 0. 488
CME DHRIL2]5 0.59 0.682 0. 448
Oc e &P 0.61 0.721 0.473
SiamF[CF+ 0.59 0.695 0.47¢
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KY S5 B 0.63 0.751 0.515
DCF $IT2] 6 0.63 0.753 0.498
Pr Di[MB7 0.63 0.738 0.543

D3F P 0.509 0.676 0.462
Di MPP 0.61 0.717 0.492
S amRPN3+ 0.51 0.616 0.325
UTTLZ28 0.67 0.763 0.605

[12]9 0. 42 0.467 0.307
GF®CFL30 0.46 0.482 0.162
ADLSTM3]1 0. 34 0.352 0.10¢9

DTDM 32 0.37 0.416 0.133

Si anEE 0.34 0.353 0.0098

TrackingNet [12(. TrackingNet is currently the largest shtatm video target tracking
dataset, which consists of 30643 outdoor video sequences. It is divided intotiZirsnly

sets and 1 test set. Three evaluation metrics, Precision, Normalized Precision and Success
(AUC score) are used to evaluate the tracking performaRie. proposed tracking
algorithm is compared with 14 statéthe-art tracking methods on TrackingNet dataset,
andthe results are illustrated in Tal3e. It is obvious that the proposed tracking algorithm
TGLC (Ours) surpasses all other tracking methods in terms of 3 evaluation metrics.

Table3-3 Tracking performance comparison on TrackingNet

Tracking AUG Nor m Priec Preci s
TGLC (Ou 0 80 0. 859 0. 790
UTTL 28 0.789 - 0.770
Dual MN]3 0778 0.832 0728
S amAi 34 0.75 0.817 -
TGAN 3|5 0. 76 0. 8214 0. 710
CMEDFRFILLZ]5 0. 71 0.761 0.651
Si amF[Cp+ 0. 75 0.800 0.705
KY 95 b 0.74 0.800 0. 688
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DCF 3126 0.75 0.8009 0.700

Pr Di[MR7 0.75 0.816 0.704

CGAC[D 3]6 0.71 0.800 0.693

D3IFH 0.72 0.768 0.664

Di MPP 0.74 0.801 0.687

S amRPN3®+ 0. 73 0.800 0.694

Si anEE 0.57 0.663 0.533
LaSQaIp LaSOT -sicsalad eleangger acki ng benchmar k, wh
Subsets. The main subset contains 1400 vide
extended subset has 150 videos from 15 categ
taining set and a t&6t stbt. pAspesbedntrackiugec
(OQurs) achieves much better success rate an

met hods

[2. 5

approach

i ndAPpudbing TBRC MPi a[mFATOdePpanDaSi amRPN

AT[OM Si amB]JANand Si[aphRAN+$ indicates that

r ettaeirnns threatctkeirn gl opnegr f or mance t han |

Success plots of OPE on LaSOT Normalized Precision plots of OPE on LaSOT
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33Abl ati on experiments

A series of ablation experiments are performed to evaluate the effect of different modules
on tracking performance. The corresponding results are shown in3Fdllled Table3-5.
Backbone ablation Backbone is used for feature extraction of template and search region,
and backbone is a vital module for object tracking. Stwiry [144] and ResNef114] are
respectively utilized to build the backbone. Under the same condition (Backbone +
complete feature fusion module), ResNet50 achieves an AUC of 0.63, outperforming
Swin-Tiny (0.595) by 5.9% and ResNet101 (0.623) by 1.1%. Additionally, ResNet50 is
the most efficient amonthe threebackbone options. ResNet50 is utilized as the final
backbone since it achieves the best tracking performance in terms of AUC and tracking
speed.

Feature fusion ablation SE block and CCB block of the proposed feature fusion module
are developed to capture the channel information and local feature information of feature
maps. In order to explore the effectiveness of the SE block and CCB block, three ablation
experiments wih or without these two blocks are conducted. An AUC of 0.602 is obtained
when removing the SE block and CCB block, which means that pure global information
for feature fusion is not able to achieve optimal tracking performances G&B.3% and

1.3% are achieved when CCB block and SE block are respectively added to the feature
fusion module, which proves that globatal information fusion and channel information

can substantially improve the tracking performance.

Table3-4 Ablation study on LaSOT dataset

Backbor SE bl CCB bl AUC Norpneci s
SwiTn ny n n 0. 595 0. 677
Res Net n n 0.62: 0.7009
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Res Net ) n 0. 62 0.707
Res Net ) ) 0.60: 0.695

Res Net n 0. 63! 0.719

1>

Adaptability of CCB block. The proposed CCB block is incorporated with original
TransT[29] for further exploring its adaptability and superiority. In order to achieve this,
the proposed GLSA and GLCA are separately employed to replace the ECA and CFA
modules in TransTor feature fusion. Other components and training details remain the
same as the original TransT. The AUC scores of three benchmarks are demonstrated in
Table3-5.

TransT_N4 and TransT_N2 denote respectively original TransT with 4 and 2 feature fusion
layers. TransT_CCB_N4 and TransT_CCB_fd@resent the modified models with 4 and

2 feature fusion layers, separately. It can be seen from the table that the modified models
clearly improve the tracking performance on both levels (N2 or N4). Surprisingly, the
smaller modelrransT_CCB_N2erforms almost on par with TransT_N4 on LaSOT and
TrackingNet benchmarks. It further suggests that integration of global local representations
and channel information facilitates the feature fusion of two branches. The proposed CCB
block can also be inggated into other pure Transformasised tracking methods to
introduce local representations and channel features.

Table3-5 Performance comparison between TransT_CCB and TransT at different levels

Met hods LaSO Tracki OTB10O

Trans[REPN4 0649 0814 0694
TransT_CCB_ 0.65 0.820¢0 0. 70"
Trans[RBPN2 06 42 0809 0681

TransT_CCB_ 0.614 0.821 0. 68
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3.4 Summary

The proposed shaetéerm tracking method TGLC is elaborated in chapter three. First, the
main components of TGLC includirthe feature fusion module and the prediction head
are introducedhoroughly Second, TGLC is compared with the currstateof-the-art
methods on multiple tracking benchmarks. The ablation experiments are also conducted to

validate the performance of the core modules in TGLC.
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Chapter 4 Masked image modelingenhancedlong-term tracking

4. Met hodol ogy

4.1.1 Overalltracking framework of MIMTracking

A novel trackingmethod dubbed MIMTrackings proposedspecifically forlong-term

object trackingn this chapterThe presented MIMTracking incorporates masked image
modeling into tracking and learns discriminative representations for more accurate tracking.
The proposed MIMTracking framework is illustrated in Figdrg. Template and search
region are regias of interest cropped from the'nd current image, respectively. Patch
embedding module is adopted to transform 2D images into 1D patch (token) embeddings.
Embedding of learnable sikm®sine position informatiof@9] enables encoding of patch
embeddings of template and search region. This is quite essential for masked image
modeling (MIM) since neither masked tokens nor visible tokens can restore their positions
in the original image once they are shuffled withoutitoms encodings. MIM is mainly
utilized in the search region by randomly occluding a certain proportion of tokens, which
is achieved by random maskiptp]. After random masking, the unoccluded seaokiers

and template tokens are concatenated and then fed into the encoder of Vision Transformer
[82]. The masked search tokens are reserved for supplementing the representations of the

search region in subsequent steps.
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Figure4-1 The pipeline of the proposed MIMTracking
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incorporation of template and search region.
generated for tracking prediction head. The
obtained by the box prediction head.

Pat cembe dat ehmbde ah g bl ock i s exploited to gen
embeddi nigsmmptf &itY4’@and t he sslaRf¢h rAesgidoempi ct ed
Eq41)Y an#42)EqgshAred patch embedding | ayer fir
|l ayer to transform the template and esearch r

g=768.ki het convolution kernel. The kernel Si z
| ayer are both 16. Then the featTher enfagpprse ,ar €
nomverl apping 1D H @akheip oé mbtembdiinmgput s are pi
subsequent encoder modul e. The number of to
respedsfiaelky 7.

15 15

hlakl=covy 4 4 ak pail ©pk it F Lt 41)
hig k ] = con{} :a_a fpail ik it - |1k (4-2)
I—Ti%m) = flatten] cony ¥ (4-3)

_ (B 26g) i
H, " = flatter] cony }] (4-4)

Randmans kil mg.pi[dBa@amhwas kiisngper formed after pos
of templ ate and search region. Search tokeil
uni form distribution. Remaining tokens are f

to determine how mheg tokens and kbepitr Madic

59



restoring their original positions on the se
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‘ Templatet and search region s ‘

y

‘ Inputsarefed into a 2D convolution: conv(t), conv(s) ‘
v
Features areflattened: flatten[conv(t)], flatten[conv(s)],
resulting in template tokens and sear ch tokens

'

‘ Search tokens arerandomly masked at a certain ratio ‘

I

‘ Concatenate remaining sear ch tokens and template tokens ‘

v
Concatenated tokens are fed into encoder with main parts:
X=MSA LN ¥ +xy =MLR LN} ~
v
Outputsarefed into decoder embed, search tokensare
restored in sequence
v

‘ All tokens are processed by ViT decoder

Discard I sthis search token?

‘ Sear ch tokens are fed into the box head

y

Bounding box parameter s ar e obtained by three box outputs:
(Cx’Cy’ W, h): (x +)Sﬁsel' y i -%ﬁsel' w I)

End

Figure4-2 Flowchart of the proposed MIMTracking
4.1.2 Objective function
The overallobjective functiorof the training processonsists of d&ocal loss varianf146
for classification of foreground and backgrourad generalized intersection over union
(GloV) loss[11g and al, loss for precise bounding boadjustment This weighted

objective function islemonstrateth Eqg. (4-9).

Objoverall = aObleoU ( ybbo>0 Ebbo) + @bjtl ( ybbok yEb& -@)J focgl y dis y J (4'9)
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where V,.., and %, are respectively the predicted and grotmuth bounding box
coordinates Y, and ¥, denotepredicted classification feature map agbundtruth

classification label, respectivelg =2, 6 =5, andg=1 repreent the weights of three
subobjectivefunctions, separately.

4. Zompari son experiments

4.2.1 Implementation details

Tracking framework. Two tracking variants are developed in this work, which are
respectively MIMTracking and MIMTracking. The structure of MIMTracking is
elaborated in Sectioh1.1 Similar to MIMTracking, MIMTrackingL adopts Vanilla ViF

Large as the backbone. 24 andT blocks are utilized for building the encoder and
decoder of MIMTracking., separately. The remaining backbone settings are the same as
VIT-L. The template size and search region size for both variants are 192x192 and 384x384,
respectivelyThe MAE[45] pretrained VIiTB and ViT-L weights are separately utilized to
initialize the encoder and decoder parameters of the proposed MIMTracking and
MIMTracking-L. The box head is initialized by Xavier uniform initializatipht7] and is
trained from scratch for bounding box estimation.

Training. TheproposedMIMTracking is implemented by reasonable version matching of
resources (Python 3.8.13, Pytorch 1.10.0, TorchVision 0.11.0) on Ubuntu 20.04. The
training hardware contains a Nvidia RTX A6000 GPU and an Intel Core i9 TR&J.
proposed MIMTracking is firdunedon the training sets of 4 publicly available datasets,
GOT-10k[119, TrackingNef12(, LaSOT[50] and COCJ121]]. In order to follow the
protocol of GOTF10k evaluation, the tracking results of GQUk are generated by the

tracking model trained only on GGIOk dataset. Brightness jittering and horizontal flip
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are employed for image augmentation. The presented MIMTracking is trained for 600
epochs in total with 60000 samples for one epoch by utilizing AdamW optifdi2édr.

The batch size is only 32 as a single GPU is exploited during training. The initial learning
rates of the backbone (including the encoder and decoder) and the prediction head are
separately 10 and 10*, which start to decay after 300 epochs by a factor of 10.
MIMTracking-L follows the training recipe of MIMTracking, except using a smaller batch
size (16) due to computational resource limits.

Inference. The inference process is unidirectional without any parameter update. A
template (cropped from first frame) and a search region (cropped from current frame) with
the same sizes as the training process serve as the inputs of the inference process. The
paraneters of the last epoch are utilized for tracking result estimation during inference
process. The remaining inference settings are the same as O3$##hcletailed
implementation is summarized in Tabld 4

Table4-1 Implementation details

Settings Valsue
Backbone of Ml Vani |-Bas¥i T
Backbone of -LMI Vanil-Lar yeT

Center jitte 4.5
Scale jitter 0.5
GPU Oné&vidia RTX
CPU I ntel Core
The operating Ubuntu 20.

Pyt hon 3.8.13

Pytorch 1.10.0

TorchVision 0.11.0

Templ ate si. 1921192

Search regio 3841384

Epormihmber 600
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Samples per 60000

Bat chofsi MleMTr a: 32
Batch size olf I 16
Optimizer Adamw
Llearning rate 16
Learning rate o 16
Learning rate 300
Wei ght decay 16

4.2.2 Comparison with top methods

The presented trackers MIMTracking and MIMTrackingare compared with current
stateof-the-art long-term and shorterm trackers on five widely used tracking datasets.
The tracking results are shown in Tadl, Table 4-3 and Table 4. The results of
MIMTracking and MIMTrackingL are obtained under a training sampling ratio of 0.5 and
inference sampling ratio of 1, unless otherwise specified.

Table4-2 Comparisons on LaSOT and LaSOText benchmarks

LaSOT LasS&aT
AUCPior P |AUCPhor P
Si amRHANp-+49. 56.49(34. 41.39.

Tracker

Di MPP 56.65.56,39.47.45.
LTM@D 57. - 57]41.49.47.
Si amF[Ch+ |54. 62.54] - - -
Ocefad 56. 65.56)] - - -
PrDi[MB7 |[59.68.60] - - -
TrDi[MPS8 |63. - 61] - - -
Aut oMawleh 58. - 59/ - - -

Tr a fp2spT 64. 73.69)] - - -
KeepTlbEcHKH67.77.70)48. - -
SwinT[BRcH69. 78.74)47.58.54.
STARKD 67.77. - - - -
Ai ATrf@lJck |69.79.73]47.55.55,
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Swi nB[2B 70. - - - - -
Swi nlM428B 70. - - - - -
MAT4 P 67.77. - - - -
Gd a T[E B0 64. 68.68] - - -
TATr B@k 69. 78.74)] - - -
Si mTB§dcBk [69. 78. - - - -
Si mT#@cBk | 70. 79. - - - -
OSTrad4«B8/71.81.77]50.61.57.
Mi x Foder69. 78.74) - - -
Mi X Fo-t[h@r|70. 79.76/{ - - -
CTTrgdk |67.77.74] - - -
MI MTrack|[72.81.78]51.62.59.
MI MTratki|72.82.79]53.64.60.

Notes:

1. The top two results are illustratedredandb | fors.

2. MIMTracking andMIMTracking-L denote respectively the proposed tracking methods
with ViT-B and ViT-L backbones

3. It suggests thahe proposed MIMTrackingutperforms almost all the stavé-the-art
trackers on treebenchmarks.

4. All evaluation metric scorefAUC, Pom, P, AO, SRs and SR75) from this point
onward are in the form of percentages (%), unless otherwise specified.

LaSOT[50]. LaSOT provides 1120 and 280 sequences respectively used for training and
testing tracking methods. It is developed especially for-teng tracking. As shown in
Table4-2, MIMTracking achieves an AUC of 72.0%, which outperforms all stéiine-

art trackers. Surprisingly, MIMTracking with mediuwsized ViT-B is capable of
surpassing largsized MixFormeiL and SimTrack.. It is also worth noting that both
SimTrack and OSTrack exploit the encoder of Vanilla ViT as the backbone for tracking.

The proposed method MIMTracking employs both encoder and decodelize neasked
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image modeling. This suggests that masked image modeling is able to stimulate the
tracking potential of Vanilla ViT. The success and normalized precision plots are
demonstrated in Figur& 3 for visualizing tracking performance more intuitively, which
yield the same conclusion. Additionally, MIMTrackibhgdenotes the proposed tracking

method with the ViTL model. It further surpasses MIMTracking in terms of all three

metrics.
Success 90 Normalized Precision
80
80
701
%60 =60,
2 MIMTracking [72.0] g ) —— MIMTracking [81.4]
£ OSTrack3s4 [71.1] E 501 OSTrack3s4 [81.1]
aly o Tyacle [7
240 —_— S\\.anlacl\ [(0,3] %407 —— MixFormer-L [79.9]
= —— MixFormer-L [70.0] = —— AiATrack [79.4]
3 — SimTrack-B [69.3] é’ 301 —— SimTrack-B [78.5]
AiATrack [69.0] SwinTrack [78.4]
207|—— KeepTrack [67.1] 201 —— KeepTrack [77.2]
—— STARK-ST101 [67.1] 1o —— STARK-ST101 [76.9]
TransT [64.9] TransT [73.8]
0 ; ; ; ; ‘
0.0 0.2 0.4 0.6 0.8 1.0 b0 0.1 0.2 0.3 0.4 0.5
Overlap threshold Location error threshold
(&Success plo (bNor mali zed pre

Figure4-3 Success and normalized precision plots on LaSOT dataset
LaSOText[15]]. LaSOTextis a newly introduced larggcale longterm tracking benchmark
for complementing the original LaSOT dataset. It contains 150 accurately annotated long
sequences from 15 new categories collecting beyond Imadél&t The proposed
MIMTracking is assessed and compared with stétime-art tracking methods on
LaSOText benchmark. The results are shown in Tab2 MIMTracking improves the
AUC to 51.5%, outperforming the previous statehe-art OSTrack by 2%. The

normalized precision and precision increase by 1.3% and 2.4%, respectively. Furthermore,
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our large model MIMTracking. demonstrates promising scalability by outperforming the
base model MIMTracking by 3.7% in terms of AUC.

GOT-10k[119. GOT-10k is composed of a training set with 10000 videos and a test set
with 180 video sequences. Norerlapping target categories between training and test sets
allow for evaluating the adaptability of trackers to targets of unknown classes. It can be
seen from Table-3 that MIMTracking performs on par with the top algorithms OSTrack
and SwinV2. 1.7% gain is achieved inSRby MIMTracking compared with OSTrack.
MIMTracking-L further boosts the tracking performance in terms of three metrics.
TrackingNet [12(. TrackingNet utilizes 30132 and 511 video sequences for training and
testing, separately. Similar to GEIDK, the tracking results of TrackingNet should be
uploaded to the evaluation server for performance assesgksatgmonstratech Table

4-3, MIMTracking exceeds MixFormer and OSTrackin terms of three evaluation
metrics. A new statef-the-art AUC (85.0%) is set by our large model MIMTrackibgn
TrackingNet benchmark.

Table4-3 Comparisons on TrackingNet and GQUk benchmarks

Tracker GOT 0 k Trackin

AO SR. SRo. {AUC Pyor P

Si amRANBp451.61. 32./73.80.609.
Di MPP 61.71. 49.{74. 80.68.

Si amF[Ch+[(59.69. 47.[75.80.70.
OcelaP 61.72. 47.| - - -

PrDi[MB7 |63.73. 54./75.81.70.
Tr Di[MB8 67.77. 58.[]78. 83.73.
Aut oMAa¥l®eH65.76. 54.|76. - T72.
Tr a f2spT 67.76. 60./81.86.80.
SwinTBRhc|[69.78. 64./82.87.80.
STAREKD 68.78. 64./82.86. -
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Ai ATr&lck|[69.80. 63.[82.87.80.
Swi nB[28B 70. - - 82. - -
Swi nlM23B 72. - - 82 - -
MAT4 D 67.78 - 81. 86 -
GdaT[EFO |65.77. 53.|77.83.75.
TATr@Bd®k |73.83. 68./{83.88.81.
Si mTBddcpk |68. 78. 62.[{82. 86. -
Si mTfP4cBk [69.78. 66.[83.87. -
OSTr3a8«}y |73.83. 70./83.88.83.
Mi x Fodpe|70.80. 67./83.88.81.
Mi x Fo-L[m@r| - - - 83.88.83.
CTTr@gdk (71.80. 70./82.87.80.
MI MTrack|73.83. 72.[84.89.84
MI MTr a-tki74.84. 73./85.89.84.

Notes:

1. The top two results are illustratedredandb | forts.

2. MIMTracking andMIMTracking-L denote respectively the proposed tracking methods
with ViT-B and ViT-L backbones

TNL2K [157. TNL2K is a recently proposed tracking dataset that equips tracking
sequences with language descriptions. 1300 and 700 videos are respectively utilized for
training and evaluation purposes. The results of several-dftétte-art trackers are
illustratedin Table4-4. The results imply that our base model MIMTracking surpasses all
the stateof-theart methods in terms of AUC and Precision. The large model
MIMTracking-L further increases the AUC to 57.3%.

Table4-4 Results on TNL2K benchmark

Met hod: AUC P

Di MPP 44.° 43.4

Oce@a® 38. ¢ 37.7
Aut oMaul® 47.: 43.5
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Tr a [2spT 50.  51.7

SwinTBRc 55.¢ 57.1
Si mT L §cBk 55 . ¢ 55. 7
MAT4 P 51. ¢ -

OSTr ad4«ls 55. ¢ -
MI MTracl 56. 58. 3
MI MTr a-tk 57.: 59. 7

Note: The best two results are denotedbgandbluefonts.

4. Bbl ati on experiments

The proposed MIMTracking ablated regarding the key design elements. The impact of
masked image modeling (MIM) on the tracking model is explored qualitatively and
guantitatively.

Samplingratio. Sampling ratio is designed in the random masking module to control the
proportion of retained search tokens. The training sampling ratio and inference sampling
ratio denote respectively the token retention ratio during training and inference processes.
Extensive experiments are conducted on LaSOT benchregdeding different training

and inference sampling ratios. The results are depicted in Z-&bfeourtraining sampling

ratios (@, 0.75, 0.5, 0.25) are utilized to trafour tracking malels, respectively. Each
model is tested under a range of inference sampling ratios not lower than the corresponding
training sampling ratio.

From Table4-5, tracking results are improved as the inference sampling ratio grows under
the training sampling ratio 0.75 or 0.5. This is reasonable as more search tokens are
encoded when the inference sampling ratio increases. Surprisingly, a lower training
sampling atio of 0.5 gains slightly better results than a higher ratio 0.75 under the same
inference sampling ratio, e.g., 0.75. However, the results drop considerably when the

training sampling ratio declines to 0.25. This indicates that moderatelytraining
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sampling ratios, e.g., 0.5, can greatly reduce feature redundancy and improve the
localization ability of the tracking method. However, exceptionally low training sampling
ratios will corrupt the key feature information, thereby reducing the target latbaiiz
capability. It suggests that moderate training sampling ratio 0.5 works best for our case.
MIM is furtherremoved from the tracking model to validate the effectiveness of masked
image modeling for trackinglo this end, both th&aining sampling ratio and inference
sampling raticare seto 1.The results in Tabld-5 suggest that removing MIM decreases
the tracking performancé&he reason is thabasked image modeling (MIM) is capable of
urging the tracking network to learn marsefuland morediscriminativerepresentations.
Removing MIM leads teedundant inpunformation, whichs not conducive to imprang

the global reasoning ability of the tracking algorithm.

Table4-5 Effect of training and inference sampling ratios on tracking performance

Traisamglirlnfesampkin AUC Pyory P
1 1 71. 81. 77.
0. 75 71. 81. 77.

0. 75
1 71. 81. 78.
0. 5 70. 80. 76.
0. 5 0. 75 71. 81. 77.
1 72. 81. 78.
0. 25 68. 79. 73.
0. 5 70. 80. 75.

0.25
0. 75 70. 79. 75.
1 70. 79. 75.

Notes:

1. Results arebtainedfrom LaSOTdataset.

2.The best results are shownrat
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Searchregionsize. As shown in Table 4, the impact of search region size is explored on
three benchmarks in terms of AUC (%). The first two rows denote separately the proposed
MIMTracking with search sizes of 384 and 256. AUC increases by 3.6% and 3.1%
respectively on LaSOT and TNL2K datasetsen search region size increases from 256

to 384. This is because that a larger search size increases the probability that the target
exists. Table 4 also indicates that MIMTracking outperforms the previous siathe

art OSTrack on all three datastis either search region size.

Table4-6 Impact of search region size and decoder depth

Mo d el Searcl Decoder LaSCTNL2 Tracki

MI MTr ack 384 4 7 2. 5 . 3 84 .5

MI MTr a2 kb 256 4 6 9. 54 . ¢ 84 .1

MI MTr ack 384 1 71. 56. : 84. 5

OSTr adkipt 256 0 69. 54 . 83.1

OSTr ad&iB ¢ 384 0 71. 55. ¢ 83.9
Notes:

1. AUC scoreq%) are evaluatedn LaSOT, TNL2K, and TrackingNet benchmarks.

2. Top results are highlighted med

Decoderdepth. Decoder depth is ablated as well on thbeachmarks. The results are
shown in the first and third rows of Tablé4There is a slight AUC improvement (+0.2%)

on LaSOT and TNL2K datasets with decoder depth changing from 1 to 4. Compared to
OSTrack with only encoder, MIMTracking builds the encoder and decoder required by
masked image modeling (MIM). The superior resutls MIMTracking on three
benchmarks prove that MIM can improve tracking performance.

Elaborate analysis of MIMTracking. Table 4-7 demonstrates the computational cost

(MACs), model parameters (Params), running speed (FPS) and AUGh(@&)various
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combinations of model variants, inference sampling ratios and decoder depths. Increase in
search region size brings around 3.6% gain in AUC with a drop of 8.3% in running speed.
Reducing the inference sampling ratio from 1 to 0.5 results in a notableimrop
computational cost (33.3%), which leads to an AUC decline of 1.8% as well. Additionally,
decoder depth reduction also has a substantial impact on reducing computational cost and
model parameters. Prominently, the proposed MIMTracking with a searcbf<384, a
decoder depth of 4 and an inference sampling ratio of 1, achieves a superior AUC of 72.0%
on LaSOTwhile still running in real time (83.0 FPS). The large model MIMTraching
improves the AUC to 72.9%, while the inference speed drops dramatically. Therefore,
MIMTracking achieves a better traddf between tracking accuracy and speed.

Table4-7 Elaborate analysis of MIMTracking

I nfere Deco

Mo d alr iva . MACs Params FPS AUC
sammigat dept
0.5 4 4 3B, 103. 9&. 70.
0. 75 4 6 5. 103. 9F. 71.
MI MTr a-8 Bi 1 4 73. 103. 83. 72.
0.75 1 548. 9 8. 11% 71.
1 1 6 1. 9 8. 96. 71.
0.5 4 21.9 103.  94. -
0. 75 4 2 4. 103. 92. 69.
MI MTr a-2 B i 1 4 32.8 103. 90. 69.
0.75 1 24 . 3 9 8. 118 -
1 1 29. 8 9 8. 114 -
0.5 4 143. 321. .« 34. -
Ml MTr a-t-k
0.75 4 186. 321. .25 -
384
1 4 230. 321. 20. 72.

Notes:
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1. The table shows thienpact of different model variants, inference sampling ratios and
decoder depths on computational cost (MACs), model parameters (Params), running speed
(FPS) and AUC (%) on LaSOdenchmark

2. The speeds are measured by a single RTX A6000 GPU.

Visualization of attention weights. In this section, the encoder and decoder attention
weights are visualized for exploring the emphases of different layers of MIMTracking. As
depicted in Figurd-4, attention weights of three encoder layers (Enc_1, Enc_6, Enc_12)
and three decoder layers (Dec_1, Dec_3, Dec_4) are visualized for the search region during
the inference process.

It is obvious that the encoder layers do not focus on the target region, while the decoder
layers gradually highlight the target regidrhis is not a coincidence as the encoder is
trained to process patrtial discrete search tokens. There is a possibility that thectatget

tokens are masked out. Therefore, it is not a wise choice to focus on localizing the precise
target region in thencoder with incomplete search region information. Alternatively, the
encoder is mainly responsible for establishing connections between the remaining search
tokens and the template tokens, thus learning discriminative latent representations. The
represerdations and missing search information serve as the input of the decoder, thereby
making the decoder the most suitable one for target region localization. This explains how

masked image modeling (MIM) works internally.
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Figure4-4 Visualization of attention weights of encoder and decoder on LaSOT
Visualization under different sampling ratios. Figure 4-5 demonstrates the attention
maps of the decoder of MIMTracking under several inference sampling ratios on LaSOT
benchmark. It can be seen from the figure that the pixels of background regiomsrare
uniform and smoothexhen the sampling ratio is 1.0, thus causing ile&sferenceo the
prediction oftarget areadowever, when the sampling ratidasverthan 1.0, the prediction
of both background and object regions becomes less acclingdurther validatesthe

effect of the sampling ratio in thelation study.
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Template Searchregion Dec 1 Dec_3 Dec 4

Figure4-5 Visualization of decoder attentions under several inference sampling ratios
Comprehensive attribute analysis. Figure 4-6 describes the comprehensive attribute
analysis on LaSOT datasefhis analysis compares all the stafe¢heart tracking
approaches in terms of 14 attributes and combines the results into one Tiger&4
attributes consist @amera motion, viewpoint change, rotation, deformation, full occlusion,
partial occlusion, illumination variation, cof-view, scale variation, background clutter,
motion blur, aspect ratio change, low resolutao fast motion The explanationof the
attributes is described in Table84 It can be seen that fast motion, full occlusion and
background clutter are three most challengitigbutessince they demonstratiee lowest
AUC scores Our presented MIMTracking achieves theost superiorcomprehensive

performance on all attributes.
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-e- STARK-ST101 [64.0]
TransT [61.2]

Figure4-6 Comprehensive attribute analysis

Table4-8 Attribute interpretation on LaSOT dataset

At tri but I nterpretation
Aspect ra The aspect ratio of the bounc
Backgcobwm The content of the target is
Cameamroada i o The camera starts moving sudc
Deformat The object deforms in the tre
Fast motThe movement of the tabgendias
Full occ The object is completely occl
Il umivmatieThe illumination condition Vve
Low resolThe bounding box size in at |
Motion bThe tiasr dpddtuetrltad movement of tF
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OQubview The object is entirely outsic
Parti al cThe object is partially occl
RotatioThe object rotates in differe
Scale va The bounrdatnigo biosxk beyond the r
Vi ewpoint The object is affected by the

Separate attribute analysis Attribute-level comparisons are performed on LaSOT
benchmark for the proposed MIMTracking. The comparison results are illustrated in
Figures 4-7, 4-8 and 49. From Figure 47, the proposed MIMTracking outperforms the
stateof-the-art methodsegarding the success rate (AUC scarejerms of almost all
attributes. It also demonstrates that MIMTracking achieves exceptionally superior
performance on several challenging attributes, e.g., fast motion, full occlusion, low
resolution, motion blur and owif-view. This suggests that the proposed MIMTracking has

the strength in tracking unclear or incomplete objects. This can be explained by the masked
image modeling (MIM) strategy. MIMTracking is trained with partial search tokens, so it

is naturally capable of hdfing incomplete and even fully occluded targets.
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Figure4-7 Attribute-level comparisons regarding success rate
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Figure 47 Attribute-level comparisonsegarding success rafeontinued)
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Figure 48 and Figure ® illustrate the attributéevel comparisons in terms thfe precision
andthenormalized precision on LaSOT datas@milar to the success (AUC) resultbe
precision plots and normalizegtecisionplots also demonstrate the superior tracking
performance of the presented lelgm tracker MIMTracking.lt also suggests that
MIMTracking significantly outperforms statef-the-art trackng approachesn several

extremelychallenging attributes such fast motion, full occlusion, low resolution, motion

blur and ouif-view.
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Figure4-8 Attribute-level comparisons regarding precision
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44Summary
This chapteiintroduces the presented leteym tracking method MIMTrackingirstly,
the important modules and the loss function of the tracking framework are explained
sequenceSecondly, aseries oComparison experiments are conduaadnultiple datasets
to assess the proposed leiegm tracking approach MIMTrackingSeveral ablation
experiments are performed to evaluate the impact of the sampling ratio, search region size,
etc. ontracking performancdn addition, attributdevel comparisons are also conducted

for identifying thestrengths and weakness#sVIMTracking.
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Chapter 5 Alternating pruning tracking under background clutter

5. Met hodol ogy

5.1.1 Alternatingtokenpruningtrack

ATPTrack develops amlternatingtoken pruning algorithm to simplify both dynamic
templates and the search argaiighlights updated target appearance and further speeds
the tracking modeln this section, the key componentstod proposed tracké&TPTrack

are elaborated-igure5-1(a) shows the overall framework of ATPTra¢kllowing the

H3W;

baseline metho@63], two fixed template f,, le' R ® and two dynamic templates

d,d,i R"™ ®are respectively cropped from the initial frame anéhérmediate frame

at two different proportionand then resized into the same template sizex1B22. The
search regiorsi R"Y*® is cropped from the current frame and resized into the search
size 384x 384.Patchembediling layer is applied talivide the templates and the search
region intonon-overlappingpatches with the size of »616.

Specifically, aconvolution operations separatelyutilized to each input template and

search region to obtain all template and search representaiilbmepresentations are

i

flattened andpositionally encodedresulting in fixedtemplatetokens f', f2t|' RHTefBWTeC,

T

dynamic templatetokensd;, d; i R#¥ %< and searchregion tokensg | R® % <. The

embedding dimensio@ is 768.Three types of tokens are concatenated and then serve as
the input of the first VIiT block. Several ViT blocks are replalbgdur proposedynamic
template pruning (DTPpr search region pruning (SRMlocks for the purpose of

alternating token prunindVulti-head seHattention is givotal component in ViT, DTP
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and SRP blocks, whicls primarily responsible fofeature interaction anessociation

modelingamong three types of input tokens.

Tracking Head

goaogsooboaaoond
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llllllllllllllll‘pUUUUUUUUUUUUUUU
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( Feed Forward Network )
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( Layer Normalization )

T b

82 1 ( Layer Normalization )
%—é gooooeocoooooo00000000000000000000 Y
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ES I I ( Multi-Head Self-Attention )
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I
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Templates | Templates

(@ (b)

Figure5-1 (a) The overall structure of ATPTrack (b) The architecture of ViT block
Attention relation modeling. Self-attention forms the foundational design of makiad
seltattention Forsimplicity, seltattention is exploited to explain the associations of input

tokens.Self-attention ofconcatenatetbkens is described fq. 6-1).
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where Q, K,V denoterespectively theuery, the key and the valire selfattention The

three items are separately generated by applying three linear transformations to the
concatenated tokenrd;', f,,d;,d}, s]. The superscript is omittedfor all concatenated
tokens in Eq.%-1) for the sake o§implicity. Tand d, representhe transpose afmatrix

anda scalingadjustment factorespectively

It is obvious from Eq.5-1) that therelationsof diverse input tokens aestablisked by the

self-attentionoperation For example,Qfl KE, le KJZ , etc. denotassociationsf the same

type of tokens.Qfl KJZ, sz K{, etc. show the relations of different types of tokéuslti-

head seHattentioncontains multiple parallel se#ttention mechanisms that focus on
various perspectives, thereby building stronger dependencies among irperistore,
complicated latent representations and semantic information can be miodetegdtarget

by multiple attention layers.
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DTP block. As shown in Figures-2, DTP block is developed for dynamic template
trimming. Motivated by[44], [63], DTP block aggregates a novel similarity ranking
scheme into the original ViT block for progressive template trimmidfter multi-head
selfattention, the attention weights are fed into the similarity ranking scheme for selecting
important dynamic template tokesom Eq. 6-2), D, denotes the mean token similarity

set of two fixed template$,, f, and the first dynamic templatd . f,° and f,” represent
thecentral token of two fixed templateseparatelyn is the number of tokens in dynamic
templatesd, or d,. D, in Eq. 6-3) shows the mean token similarities of two fixed
templates and the second dynamic temptgteBoth D, and D, are ranked in descending
order and the indices of a certain proportion of tokens with high similarities are recorded

in Eq. 6-4) and Eq. %-5). Templateretention ratio is utilized to determine theportion

of retained tokenfor each dynamic template.
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Figure5-2 The structure of the dynamic template pruning (DTP) block
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£ 1 - _ 1
D2 = ’:’FZ@ (Qflc Kdz ( J) 'szc Kdz(J))‘ i {L2,....n} : (5'3)
idX, = INdEXqenion( RANKING D, ) (5-4)
ICIXd2 = IndeXRetention( Rankin% D2) (5'5)

As illustrated in Eq.%-6), dynamic template tokens with indiciek, or idx, are kept
and concatenated with all fixed template tokdiisf, and search area tokesgs. The

resulting C, serves as the input of following layers (layer normalization and feed forward

network).So far, the first step oélternatingtokenpruningis completedThe original ViT
blockswith block numbers 3, 6, and 9 are replacedlig proposed TP blocks.A large
number of uninformativdynamic template tokens are dropped gradually, thereby ensuring

thedependabilityof remaining dynamic tokens and improving the efficiency.
C, =Concaend { f;, ;,d; (idx, ), d}(idx, ), s ) (5-6)
SRPblock. Following theDTP block, SRP block is responsible for search region pruning.

Figure5-3 demonstrates the structure of the SRP bIdbkk.similarity rankingnechanism

in our SRP block takes into account the attention weights of two fixed templates and the

search regioanlc K{ and szc Ks of Eq. 6-7) denoteseparatelythe attention weights of

two central tokend,’, f; and search region tokessq is the number of search region
tokens.A mean similarity score is computed for each search token by averaging the two
attention weightsSimilarity scores of all search tokens are soitedescending orden

Eg. 6-8). Thehigh-scoresearch tokens are selected and concatenated with fixed template
tokens and the&immeddynamic tokens in Eq5(9). The search retention ratio is utilized

to control the number of retained search tokens.
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To achieve alternating pruning of templates and the search area, the locat®RB of
blocks are set td, 7 and 10. A pair of adjacentDTP and SRP block completes an
alternating token pruning\ total of 3 alternating pruning operations are implemernted
the backboneTherefore, the DTP, SRP, and ViT blocks are arranged in combinations
3, 3 6 to form a diverse 1&tage backbonelhe target features are highlighted and

interacted progressively for all templates and search region.
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Figure5-3 The structure of the search region pruning (SRP) block

_F 1 T —_ 1
s—%zﬁ(qf&(k) +Q. K(B) vz ‘! (57)
idx, = Inde&etemon( Ranking 6 ) (5-8)
C, =Concae nat(afl‘, f,,d; (idx, ),d;(idx, ),s (idxs)) (5-9)

Tracking result prediction. The tracking results (bounding boxes) are predicted by a
tracking head. The output tokens of the backbone that belong to the search region are

extractedwith zeropaddingapplied to thegpruned positionsleading to dull-length one
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dimensional feature tensdrhis tensor i€onverted int@a two-dimensionafeature mago

fit with the tracking head.

The tracking head employisree identical fully convolutionatructure for predicting the
classification map, size map and offset map of the target, respeckeely.structure of
the tracking head consistsfolur sets ofCon+BN-RelLU layers.Thelocationpossessing
the highest score in the classification map is utilized as the target CEmtetarget size
and central offset of this location are extracted from the size map and offssepeaately
Therefore, the target center and target size apentively considered as the bounding box
center and sizél'he central offset is added to tbeordinateof the bounding box center
to correct errors due to resolution changes

Template update mechanism. Timely updating of dynamic templategontributes to
enhancing the robustness and discriminative capability of the tracking niddeke
randomframes with certain intervals are sampled from a vekmuencendrespectively
serve as the fixed, dynamic templates and search regiong training.This process
updates all templates and search region for eadtion Thus there is no specific update
strategy in the training process.

The dynamic template updateechanism is embedded into the inference procCHss.
maximum valueof the classification map iegarded athereliability scoreto determine
the likelihood of the current frame being utilized to update the dynamic templates
Templateupdate intervahas a significant impact otmacking performance Extensive
experiments are conducted seek for the optimalipdate interval After reaching the

optimal interval, the reliability score is utilized to determine whether the cdraené can
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act as dynamic templateH. the reliability scoresurpasss a threshold this frame is

employed to update the dynamic tempdate

The baselind63] leverages fixed templates repeatedly as dynamic templates until the
appearance of dynamic templatéhis is redundant since fixed templates are identical to

dynamic templates at the beginning of trackibgfferently, the proposed ATPTrack

merely utilizes fixed templates to reduaentical tokens before obtaining dynamic
templates.Furthermore, ATPTrack trims dynamic templafesquentlyto improve the

inference speed.

5.1.2 Training objective

Thebjecti vefATPTratkcitsipopnl i ed t o the predicted cl
regressi(obnounudtimwt box coordinates) Foo train
cl assi f if oaftailnocpl,#]6tesh ee mpl oyed t o compute the d
estimated clamsdifheaagmadpn nednalp t o mi ni mi ze t hi
For regr elslsa onGlaatub pld]@& rsee p arlaetveelryaged t o redu
coor ddiinsactreepadn ¢y maoxviemilzaep ptidhnefp et ween t he pre

t hger ot mdotolunbersgh ¢ ot al weiighdedcd Bls@sd. i n Eq. (
Loar = Las(Yow % ¥l gol Yoor Y)Y #42(Y o ¥ 51D
wheyeaangdg,denoeepethevelcy discstisidpcnidoiuoand i ng b ox
coordimandsindi cate the co-tr esnpnoondaitfnipoengr o un c
classidndcante gme sse parTantod lpyeti g,ht i ngarcmef fici el

are eBQuahdtb, respectively.
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5. Zomparesperi ment s

5.2.1 Implementation details

Tracking model. The proposed ATPTrack exploManilla ViT-Bas€[82] as the backbone.
6 out of 12ViT blocks of the backbone are replaced by our devel@Jd®land SRP blocks
for the purpose dditernatingoken pruning. DTP blockare distributed at the positions of
the 39, 6", and ' layers of the backbon&RP blocksare arranged at three positions of
the backbone: thé4 7", and 18 stagesseparatelyThesizes of fixedemplate, dynamic
templatesand the searchareaare 192x192192x192 and 384x384gspectively.The
backbone of ATPTrack is initialized by the DropMAESG] pretrained ViTB weights.
Additionally, ATPTrackis implementedvith Python 3.8.1&ndPytorch 1.10.0

Training. Thetracking model is trainegith the aid otthelntel Core i9 CPlAnd twoRTX
A6000 GPLl$. The training splits of four popular datasets are leveraged to train our
ATPTrack, which are respectivelyaSOT [50], TrackingNet[12(, COCO[12]] and
GOT-10k [119. ATPTrack that is trained on these four datasets can be tested on most
datasets except GGIOk following GOT-10k evaluationprotocol Therefore, to evaluate
the results of5OT-10k benchmark, the tracking model should be trained onlEOT-
10k training set Moreover hrightness jittering and horizontal flip awmilized for image
augmentationThe tracking model is trained withdamW optimizer The overall batch
size is32 with each GPU processing 1®age pairs The initial learning raos of the
backboneand other partsarerespectively set t@x10° and2x10* with a weight decay
factor10“. The total epoch number for training is 300 w6000 samplpairseveryepoch
The leaning ratos drop by a factor of 10 after 240 epochs. The GDK model is trained

for 100 epochs with learning ratidecreasing after 80 epochs
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Inference. The update intervabf dynamic templates 50 andthe threshold for template
update i90.7 during nference.Templateand search retention rasi@re both 0.7 during
training and inferencafter extensive experimentshe inference speed of the tracking
model is obtained from oriRTX A6000 GPU Table 51 enumerate theimplementation
detailsfor clearer demonstration

Table5-1 Implementation details

Settings Valsu e
BackbdAd®Tofack Vani |-Bas¥i T
DTP bllooccakt i or Lay€fsh63atnd
SRPBI ocokcati on Layeéefsh7d4ant

Center jitte 4.5

Scale jitter 0.5
GPU TwoNvi BT A AG60
CPU I nt el Cor e

The operating Ubuntu 20.
Pyt hon 3.8.13
Pytorch 1.10.0

Number of fiXxe

Numbedymadmi c t e

Fi xempltate s 1921192
Dynamic templ 1921192
Search regio 3841384
Epomihmber 300
Samples per 60000
Batch size 32
Dynamic templ at 50
Dynamimpltate upd 0.7
Templ ate rete 0.7
Search retent 0.7
Optimizer Adamw
Learning rate 21 19
Learning rate o 21 10
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Lear ni dg ceapgot ceh 240
Wei ght decay 16

5.2.2 Comparison with SOTA methods

The proposed tracker ATPTrack is evaluated ondw@monly utilizedoenchmarksThe
tracking performance iassesselly comparing ATPTrack witlstateof-the-art trackers
The results ardepicted inTable5-2, Table5-3 and Table &l

Table5-2 Overall performance comparison on LaSOT and LasOT

LaSOT LaSQOT
AUCP.or P |AUCP,or P
Si amRANB{49.56.49]34. 41.309.

Tracker

Di MPP 56. 65.56)39.47.45
LTM@D 57. - 57)41.49.47
TrDi[MAS |63. - 61] - - -

Tr a f2spT 64. 73.69 - - -
KeepTlbEcl|l67. 77.70)48. - -
SwinTBRhc|69. 78.74147.58.514.
STARKD 67.77. - - - -
Ai ATr&ck|{69. 79.73]47.55.565.
Mi x Fodhe| 69. 78.74] - - -
Si mTrdapc k| 70. 79 . - - - -
Swi n&R 70. - - - - -
OSTr @Edk 71.81.77]50.61.57.

MAT4 P 67.77. - ; ] )
TATrEB@k |69. 78.74] - - -
GRM7 P 69.79.75] - - -

SeqTif8aBck|71.81.77]50.61.57.
DropTldhc|71.81.78]52.63.60.
ROMTr@Bék [71.81.78|51.62.58.
FBDMTr@AagRB| 72.81.77)50. 61.57.
CiteTflebjdk 69. 78.75 - - -
Mi x M1 915 70.80.76 - - -
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ATPTrack72.82.79]52.63.60.

Note: Theredandbluenumbers are the top two ranked.

LaSOT[50]. LaSOTis responsible for largsecalelong-termobjecttracking which adopts
1120 and 280ideas for training and testingeparatelyTable5-2 summarizes the tracking
results of different tracking approaches on LaSOT dat@kesirly, the proposed ATPTrack
achieves statef-the-art AUC of 72.7% on LaSOExceethg top-performance tracket-
BDMTrack [153 by 1.0% This suggests that ATPTrack possesses superiortérny

tracking capabilityThe success and normalized precision plots are shown in Bgure

100 Success 100 NormalizedPrecision
80 80
2 [ — ATPTrack [72.7] g @ ATPTrack [82.8]
g SeqTrack [71.5] E ROMTrack [81.3]
&
2 —— ROMTrack [71.4] 8 —— OSTrack [81.1]
B 401| — 0STrack [71.1] E 40 —— SeqTrack [81.0]
o —— GRM [69.9] a ——  AiATrack [79.4]
Cite'Tracker [69.7] GRM [79.3]
207 | —— SimTrack-B [69.3) 20 —— CiteTracker [78.6]
—— AiATrack [69.0] —— SimTrack-B [78.5]
KeepTrack [67.1] KeepTrack [77.2]
( 0

) .
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.1 0.2 0.3 0.4 0.5
Overlap threshold Location error threshold

() Success plo (bNor mal i zed pre
Figure5-4 Success and normalized precision plots of ATPTrack on LaSOT
LaSOText [15]]. LaSOText extends LaSOT benchmaby usingchallengingsequences
150video sequencefrom 15 new categoriese leveraged to assess tracking metiods
more demanding wayATPTrack iscompared withthe stateof-the-art (SOTA) tracking
algorithms.The results imrable5-2 indicate that the tracking performance of ATPTrack is

on par with the SOTA trackers @aSO Text.
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TrackingNet [12(. TrackingNetcovers argescale scenarider visual objectracking. It
provides over30000 videos for model training and 511 sequences for performance
evaluation of tracking methodEhetrackingresults areassessed ame onlineserver.As
depictedin Table 5-3, our ATPTrackachieves an AUC 085.26 on TrackingNet. It
outperforms the statef-the-art trackersn terms ofall three metrics.

GOT-10k [119. GOT-10k provides videos with diverse target categories and motion
patterns.The training and test sets of GQUK contain respectivelt0000 and 180
sequencesTo verify the adaptabilityof tracking methods, sequences of differarget
classes are utilized for model training aedting The comparisorresults are shown in
Table 5-3. ATPTrack obtains competitive tracking results compared watlnrrent
promising trackers.

Table5-3 Overall performance comparison on TrackingNet and GOK

GOT 0k Trackin
AO SR. SRo. {AUC Pror P
Si amRANp451.61. 32.173.80.609.

Di MPP 61.71. 49.(74. 80.68.
Tr Di[MA8 |67.77. 58.|78.83.73.
Tr a f2spT 67.76. 60.[/81. 86.80.
SwinTBRc|[69.78. 64./82.87.80.
STARXD 68.78. 64./82. 86. -
Ai ATr&Jck|69.80. 63.[]82.87.80.
Mi x Fodpe|(70.80. 67./83.88.81.
Si mTH{4aPc k(69.78. 66./83. 87. -

Tracker

Swi n&p 72. - - |s2. - -
OSTr@¢k |73.83. 70./83.88.83.
MAT4 P 67.78. - |81.86. -
TATrB®k [73.83. 68./]83.88.81.
GRM7P 73.82. 70./84.88.83.

SeqTfsapck|74.84. 71./83.88.83.
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ProCon6EX74.84. 72.]84.89.83.
DropT#pRc|75.86. 72.|84.88. -
ROMTr @&k |74.84. 72./84.89.83.
FBDMTrdAgR|75.84. 72.|84.89.84.
CiteTflebltk74.84. 73./84.89.84.
Mi x\1595 |74.84. 73./84.89.83.
ATPTracH75.86. 72./85.89.84.

Note: Theredandbluenumbers are the top two ranked.

TNL2K [157. TNL2K provides1300 and 70Gsequence separatelyfor training and
testing with language explanationserving asadditional annotations for joint visual
language trackinglhe proposed ATPTrack is evaluated and compared witht#teof-
the-art approaches on TNL2K. The results altastrated in Table5-4. It shows that
ATPTrack improves the AUC to 59.6%urpasmg the SOTA trackeF-BDMTrack by
3.1% This further demonstrates the admirable tracking performance of ATPTrack.

Table5-4 Tracking performance comparison on TNL2K dataset

Met hods AUC P
Di MPP 44 . - 43. 4
Tr a fi2spT 50. ° 51. 7
SwinTBRc 55. ¢ 57.1
Si mTHidapck 55.¢ 55. 7
OSTr@dk 55. ¢ -
MAT4 P 51 . -
SeqTi8&Bc k 56 . -
DropTARcC 56. ¢ 57.9
FBDMTrA&®B 57.¢ 59. 4
CiteTflaptk 57. 59. 6
ATPTracl 59. ¢ 61.9

Note: Thetop two results arelemonstrated ined andbluefonts.
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5, Abl ati on experiments

Comprehensive ablation experiments are conducted on tracking benchmarks to evaluate
our ATPTrack regarding itsrucialcomponents.

Template retention ratio ablation. Templateretentionratio and searchretentionratio

denote respectively the proportion of retained tokens for each dynamic template and search
region.Search etentionratio is empiricallyset to 0.7 basean the success §#4], [63] in

search region trimmindJultiple attemptsareconductedo determine theptimalretention

ratio for dynamic templateSpecifically, several fixed retention ratios (0.5, 0.6, 0.7, 0.8,
0.9, 1.0 are separately exploited to train and evaluate the tracking model on TNL2K and
LaSOT benchmarks.hE results are illustrated in Talieb.

From Table5-5, the template retention ratio of 0.7 achieves optimal tcdflbetween
tracking performance and running speed. The retention ratio of 0.8 slightly surpasses 0.7
on TNL2K, but is much less competitive on LaSOT dataset. Moreover, the computational
cost of 0.8 is much higher than 0.7. A retention ratio of th@icates the removal of
dynamic template pruning.hereforemerelythe search area is trimmed during tracking.

A retention ratio less than 1.0 (e.g., 0.7) denatiesnating pruningf dynamic templates

and search regiotfit is observed that pruning both dynamic templates and search region in
aratio of 0.7 significantlreduces the MACby 11.3% with a slight decreas¢.3%) in

AUC compared with only pruning the search regidsa result 0.7 isultimately selected

as the template retention ratio for dynamic template trimming.
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Table5-5 Effect of the template retention ratio on tracking results, computational costs

(MACs) and running speeds (FPS)

Ret en TNL 2K LaSOT MACSFPQ
ratsi {AUC Piornr P |AUC Piorn P (G)

0.5|5®. 75. 6®.|] 71. 8®. 7®.|] 71.|87.
0.6[59. 7. 6B.[72. 82. 78.| 72.|84.
0.7|5®%. 7®&. 6B©.[72. 8B8. 7®8.| 75.|82.
0.8|59. 76. 62.|72. 82. 7@ | 78.[709.
0.9/59. 76. 6B.|]7B. 8B. 7B.| 8B.|76.
1.0[59. 7®. 638.|72. 82. 7®.| 88.|75.

Notes:

1. The best three results are highlighteddd b | anelg r efants, respectively.

2. All speeds are measuredoneRTX A6000 GPU.

Adaptratventaitolfme adaptive reteasi velrlr@atyinami s
templ at efhipsuwsiesdnd .or c otnmpea rfiisxoend wietthent i on r at
the previous section.

The adaptiveanet entdied®minedt.i*W, Edenptes the ar
of thetgutohunloundi ng box foH:3Wurpertsedysamihc
area of current/ idsy aami icf it cautpili @dri ezfepda ntdor t h e
proportibomundforngthleer eby reducing taesee@mpyat e

overi mnlihneg var iHgte Whon iisn dudet apddynami oof

templ at es, resul ting &anirsanutaidlaipzedv et o et emlt a
retention ratio in three corresponding bl ock
arr = 3 Hgt_box3 Wgt_box3 / (5_1 1 )
Hd3Wd

Tabst6demonsttrlaeeeffect of /tome tanmapclkiifnidt gteird o rifr
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is clear that geOf arcrhaoefofa s tt tvd d ddobweeavseert,s .t h e
perf or nogpontciadeaddt i ve r esttdimdtwiean trhatni d hies fi xed r
0. 7. 't suggests t MWait7stmer éfi®xre dd wiedt minct | toexmpr
pruni ng.

Table5-6 Effect of the amplification factor on tracking performance on TNL2K and

LaSOT benchmarks

Amp | i fi TNL2K LaSOT
fact ol AUC Pornr P AUC Pywrn P

1.0 5. 75. 6. | 71. 84M. 77.
2.0 5. 7%. 6R.|72. 8B. 7M.
3.0 59. 7. 6R.| 720 8T. 77.
4.0 5. 7¥. 6. 71. 81. 77.

Update interval ablation. Updateinterval is employed tacontrol the speed of dynamic
templateupdate. An appropriatanterval is capable afipdaing the target information to
the extent possible/hile reducing noiseMultiple update intervals are attempted during
inference.The results are shown Table5-7. It can be seen that 50 is thptimal update
interval as 50 achieves superior performance both on TNL2K and LaSOT benchinarks.
larger interval of 100 leads tmarginally strongetongterm tracking performance (0.2
AUC increase on LaSOT), while decreasing stemn tracking abilitysubstantially(0.9
AUC drop on TNL2K). Therefore, 50 is utilizeds the update interval of dynamic

templates.
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Table5-7 Impact of the dynamic template update interval on tracking performance on

TNL2K and LaSOT benchmarks

Updal TNL2K LaSOT

int es YAUC Prory P AUC Pror: P
100 |58. 75. 60.|7®3. 83. 79.
50 5%. 7®6. 6D.| 72. 83B. 73.
25 59. 76. 61.|]72. 85. 78.
1 56. 70. 58.|66. 73. 6§.

Pruning location ablation. Another set of ablation experiments is conducted to determine
the pruning locations of dynamic templates and search regloee possiblgosition
matching options are designadTable5-8 for dternatingtoken pruning. SRP and DTP
blocks areespectivelyresponsible fotrimming thesearch regioand dynamic templase
The results indicate that the first combination ([4, 7, 10] for SRP locations and [3, 6, 9] for
DTP locations)ntegrates the advantages of tracking speed and perforntdmseption
achieves the highest AUZ2.7% on LaSOTwhile still running in real time @31 FPS).
Thus, SRP blocks are located in the #", and 18 layers of the backbone. DTP blocks
are distributed in th&8, 6™ and 9" layers.Figure 55 demonstratethe arrangement for
three types of blocks in ATPTrack.

Table5-8 Impact of different alternating pruning locations on tracking results,

computational costs (MACs) and running speeds (FPS)

SRB oc/ DT Bl o d TNL2K LaSOT MACSFPS
locasi| locasil|]AUC Piory P |AUC Piory P ( G)

471D | [369 |5%. 7/®. 6D.| 72. 8B8. 78| 75.|82.
369 | 471D |52. 76. 6u.|71. 8B. 7®.| 74.|84.
471D | [58 1J1|59. 76. 62.|738. 85. 786.| 78.|7®.

Note: All speeds are measuredoneRTX A6000 GPU.
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ViT block —» DTP block SRPblock —» ViT block |

4

1,2,58,11,12 3,6,9 4,7,10

Figure5-5 Block arrangement for ATPTrack
Attention weightsvisualization. Figure5-6 depicts the attentioweights of six encoder
layers for the proposed ATPTrackadh red bounding baamphasizethe target region of
the search regiott can be seen that shallow attention layeasnly replicate feature maps
with limited targetrelated features Deep layers incorporate complicated semantic
information and generate discriminative representations of the thrglsb shows that the
final layer highlights the edge information of the target area, e.g., corner phigs.
suggests that ATPTrack caancurately perceivihe target region.
Token pruning visualization. In this section, the alternating token pruning process for
two dynamic templates arttle search area is visualized in Figl€@. Dynl and Dyn2
denote two dynamic templatée each caseTargets are highlighted in red boxes.
Background tokens are progressively discarded from dynamic templates and the search
region, resulting irdiscriminativetarget regions and improved running spee¢ds klso
worth mentioninghat asmall portion of target regions of dynamic templates are identified
by the network as redundant areas. This is similarask image modelinghich occludes
partial target and background contents, thereby enhancing the global information inference

capability of the tracking network.
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Searchregion Block 2 Block 4 Block 6 Block 8 Block 10 Block 12

..

Figure5-6 Visualization of attention weights on LaSOT


























































































































































































