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CROSS-DOMAIN ONE-SHOT OBJECT DETECTION
BY ONLINE FINE-TUNING

SUMMARY

Object detection aims to identify and locate objects within an image or video frame.
Recently, deep learning-based object detectors have made significant contributions
to the community, thanks to their capability of processing and learning from large
volumes of data. However, their detection performance heavily depends on large
labeled datasets, which are essential for them to generalize effectively across
previously unseen (novel) or rare classes. This restriction is addressed by the recent
development of few-shot object detection (FSOD) and one-shot object detection
(OSOD) techniques, which aim to detect novel classes using a few or a single sample
of a previously unseen class, enabling rapid adaptation to novel classes without
extensive labeled data. The FSOD and OSOD paradigms which allow models to adapt
to novel classes from a small sample size have two main lines: methods based on
meta-learning and those based on transfer learning. Meta-learning approaches aim to
learn a generalizable set of parameters on data-abundant base classes by applying an
episodic training approach. This approach is designed to transfer the base knowledge
gained on data-abundant base classes to data-scarce novel classes during the inference
phase. The other methods based on transfer learning focus on fine-tuning the model,
which has trained on extensive datasets, on the limited number of new examples by
applying several methods such as freezing only the specific layers or adaptive learning
rate scheduling during the fine-tuning. In FSOD and OSOD techniques, the model
is trained on data-abundant base classes and then fine-tuned on both the base and
novel classes or on only the novel classes. This methodology makes them well-suited
approaches for use with still images where the task is to recognize objects based on
limited data.

Although FSOD and OSOD methods enable quick adaptation to novel objects,
their performance highly depends on the training domain, typically composed of still
images. Due to the domain shift, the conventional setup yields significant performance
degradation in one-shot or few-shot object detection in cross-domain evaluations.
Moreover, most of the recent studies remain limited to focusing on performance gaps
between different image domains, rather than those between image and video domains.

Differing from the existing work, this thesis particularly focuses on the significant
performance gap observed in cross-domain evaluations, from the still image domain
to the video domain, which has been largely overlooked in the literature. In video
domain evaluations, the main purpose of the detection model is to detect the target
object, which is introduced at the beginning of the video sequence, within subsequent
frames successfully. In the scope of this thesis, we choose to work with the OSOD
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models rather than the FSOD models because object detection in video sequences
primarily hinges on the model’s ability to adapt to the target object using only a single
example. Therefore, OSOD models, designed to adapt to the target object using only
one example, are more suitable than FSOD models, which necessitate few examples
to adapt to the target object. In particular, OSOD models aim to classify and localize
a target object in an image using its particular representation known as a query shot.
This is achieved through a template-matching algorithm that detects all the instances
from the class of this single query shot within the target image. The paradigm enables
the model to adapt to the specific appearance of the target object from a single sample,
in contrast to FSOD where the model is designed to adapt to novel classes using a
small number of samples.

In addition to the scarcity of examples of the target object aimed to be detected
throughout the video frames, temporal challenges, and motion changes also present
a substantial challenge for OSOD methods. OSOD models’ ability to handle
affine motion changes and maintain temporal consistency is crucial for sufficient
performance in video sequences. Moreover, the challenge OSOD brings along arises
from the requirement that the model must adapt to novel classes based solely on
a single sample, which demands a higher level of generalization and adaptability.
The majority of the OSOD models are trained and evaluated on the same domain in
which the data distributions and class characteristics are quite similar between the
training and evaluation sets. Although recent studies have examined the cross-domain
evaluation of OSOD models, they have primarily focused on evaluations within
different still-image domains, rather than between still-image and video domains. The
models are vulnerable to severe shifts in data distribution due to the domain shift
between still-image and video domains.

In this thesis, we aim to demonstrate and analyze the reasons behind the performance
gap that OSOD models experience in cross-domain scenarios. To do this, we evaluate
a state-of-the-art (SOTA) OSOD model, BHRL, which has been trained on the MS
COCO dataset from the still-image domain, using the VOT-LT 2019 dataset, which
presents the challenging context of the video domain. For a fair evaluation, we
include only the video frames where the target object is present. To alleviate the
performance degradation, we take BHRL as the baseline OSOD model and propose
three different novel OSOD frameworks, based on integrating an online fine-tuning
scheme and a query shot update mechanism into the inference architecture of BHRL,
the SOTA OSOD model utilizing multi-level feature learning. During the evaluation
of the proposed frameworks, the mAPO.5 metric is used and class-based reporting
is performed. Classes included in the training phase were classified as base classes,
while those that were not included were categorized as novel classes. In the following,
the proposed OSOD frameworks are summarised.

1. OSCDA w/o CDQSS: The initial appearance of the target object is taken as the
query shot and the model is online fine-tuned only on this query shot once at
the beginning of the inference phase. Subsequently, the model tries to detect all
instances of the relevant class within the video frames. Although fine-tuning is a
conventional approach in transfer learning, integration with the multi-level feature
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learning of BHRL improves the detection mAP.50 performance by 14% on all
classes.

2. OSCDA w/ CDQSS: A major limitation of OSCDA w/o CDQSS in video object
detection 1is its vulnerability to rapid appearance changes of the target object,
resulting from the risk of overfitting on the query shot that represents the target’s
initial appearance. To overcome this drawback, in addition to fine-tuning, CDQSS,
which is an adaptive query shot selection module, is integrated into the baseline
architecture. This approach enables unsupervised online fine-tuning to deal with
the rapid appearance changes of the target object caused by the affine motion
throughout the video frames. By CDQSS, the query shot is updated with the
model’s detections based on their objectness scores and localization consistency
across frames. The model is continuously fine-tuned with the query shots chosen
by the CDQSS during the inference phase. The fine-tuning process is called
unsupervised fine-tuning since it is based solely on the model’s detections rather
than the ground truth. CDQSS provided an additional 6% improvement in mAP.50
on all classes.

3. SACDA: In order to take advantage of extra shots without leaving the one-shot
detection approach, we propose incorporating online fine-tuning into the BHRL
using the initial query shot and its synthetically generated variations referred to as
augmented shots. In particular, similar to OSCDA w/o CDQSS, SACDA conducts
fine-tuning only once at the beginning of the inference, and then the model tries
to detect all instances of the relevant class throughout the subsequent frames.
SACDA aims to adapt to quick changes in the target object’s appearance, such as
flipped or rotated versions, without relying on the continuous fine-tuning process
suggested in the second framework (OSCDA w/ CDQSS). SACDA improves
BHRL’s mAP.50 score by 14%, matching the improvement seen with OSCDA (w/o
CDQSS). However, SACDA significantly outperforms the previous frameworks in
specific sequences such as ballet, group2, and longboard by 14%, 28%, and 46%
respectively. These sequences share challenges such as extreme changes in lighting,
scale, and rotation of target objects, as well as rapid illumination changes. Given
SACDA’s design goal to enhance the OSOD model’s robustness to variations in
target and scene appearances, these significant gains indicate SACDA’s potential
effectiveness.

The achieved performance improvements demonstrate the proposed methods’
effectiveness in tackling domain shift challenges faced during the cross-domain
evaluations for video object detection.
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CEVRIMICI INCE-AYAR ILE
TEK-ORNEKLI CAPRAZ-ALAN NESNE TESPITI

OZET

Nesne tespiti, bir goriintii veya video karesi i¢indeki nesneleri siniflamay1 ve yerlerini
belirlemeyi amaclar. Son zamanlarda, biiyiikk veri miktarlarimi isleyebilme ve bu
verilerden O6g8renebilme kapasiteleri sayesinde derin 0grenme tabanli nesne tespit
algoritmalar literatiire onemli katkilarda bulunmustur. Ancak, bu algoritmalarin
tespit performanslari, genellikle goriilmemis (yeni) veya nadir siniflar arasinda etkili
bir sekilde genelleme yapabilmeleri i¢in biiyiik boyutlu ve etiketli veri kiimelerine
biiytik dlciide bagimhidir. Bu kisitlama, az sayida veya tek bir 6rnek kullanarak yeni
smiflar tespit etmeyi amaglayan az-ornekli nesne tespiti (FSOD) ve tek-0rnekli nesne
tespiti (OSOD) tekniklerinin son gelismeleri ile ele alinmaktadir. Bu paradigmalarda
modellerin kiiciik 6rnek boyutlarindan yeni siniflara adapte olabilmesi, meta-6grenme
ve aktarim 6grenimi tabanli yontemler olmak iizere iki ana hat iizerinde durulmustur.
Meta-6grenme yaklagimlari, episodik egitim uygulayarak veri-bollugu olan baz
smiflar izerinde genellenebilir bir parametre seti 6grenmeyi amaglar. Bu yaklasim,
cikarim asamasinda veri-yoksunu yeni siniflara baz sinif bilgisinin aktarilmasini
saglamak i¢in tasarlanmistir. Aktarim 6grenimi tabanl diger yontemler ise, genis veri
setleri tizerinde egitilmis modele, yeni orneklerin sinirli sayida olmasi gibi durumlarla
basa cikmak icin, belirli katmanlarin dondurulmasi veya uyarlamali 6grenme hizi
programlamasi gibi cesitli yontemler uygulayarak ince ayar yapmaya odaklanir.
FSOD ve OSOD tekniklerinde, model oncelikle veri-bollugu olan baz siniflar iizerinde
egitilir ve sonra modele hem baz hem de yeni siniflar iizerinde veya sadece yeni
siiflar iizerinde ince ayar yapilir. Bu metodoloji, 6zellikle sinirlt veriye dayali nesne
tanima gorevleri i¢in uygun yaklagimlar sunar.

FSOD ve OSOD yontemleri yeni nesnelere hizli uyum saglamayr miimkiin kilmasina
ragmen, performanslari biiyiikk Olgiide genellikle duragan goriintiilerden olusan
egitim alanina baghdir. Alan degisimi nedeniyle, geleneksel kurulum, capraz alan
degerlendirmelerinde tek ornekli veya az ornekli nesne algilamada 6nemli performans
diisiislerine yol acar. Ayrica, son calismalarin ¢ofu, duragan goriintii alanlar
arasindaki performans farklarina odaklanmakla sinirli kalmakta ve goriintii ile video
alanlar1 arasindaki farklara yeterince dikkat etmemektedir.

Mevcut calismalardan farkli olarak, bu tez oOzellikle literatiirde biiyiikk Olciide
g0z ard1 edilen, duragan goriintii alanindan video alanina geciste gdzlemlenen 6nemli
performans farkina odaklanmaktadir. Video alanindaki degerlendirmelerde, algilama
modelinin ana amaci, video dizisinin baginda tanitilan hedef nesneyi sonraki karelerde
bagarili bir gsekilde tespit etmektir. Bu tezin kapsaminda, video dizilerinde nesne
algilama esas olarak modelin yalnizca tek bir 6rnek kullanarak hedef nesneye uyum

XXV



saglama yetenegine bagli oldugundan, FSOD modelleri yerine OSOD modelleri ile
caligsmay: tercih ediyoruz. Bu nedenle, yalnizca bir 6rnek kullanarak hedef nesneye
uyum saglamay1 amaglayan OSOD modelleri, hedef nesneye uyum saglamak i¢in
birka¢ Ornege ihtiya¢ duyan FSOD modellerine kiyasla daha uygundur. OSOD
modelleri, bir sorgu ¢ekimi olarak bilinen belirli bir temsili kullanarak bir goriintiideki
hedef nesneyi siniflandirmayi ve yerellestirmeyi amaclar. Bu, tek bir sorgu ¢cekiminden
sinifin tiim Orneklerini hedef goriintiide tespit eden bir sablon esleme algoritmasi
aracilifiyla gerceklestirilir. Bu paradigma, modelin tek bir 6rnekten hedef nesnenin
belirli goriinimiine uyum saglamasini miimkiin kilar; oysa FSOD’de model, yeni
siniflara kii¢iik bir 6rnek sayisi kullanarak uyum saglamak iizere tasarlanmistir.

Hedef nesnenin video kareleri boyunca tespit edilmesi amaciyla orneklerin azligina
ek olarak, zamansal zorluklar ve hareket degisiklikleri de OSOD yontemleri icin
onemli bir zorluk tegkil etmektedir. OSOD modellerinin afin hareket degisiklikleriyle
basa ¢ikma ve zamansal tutarlilifi koruma yetenekleri, video dizilerinde yeterli
performans i¢in hayati 6neme sahiptir. Ayrica, OSOD’nin beraberinde getirdigi
zorluk, modelin yalnizca tek bir ornege dayanarak yeni siniflara uyum saglamasi
gerektigi gerceginden kaynaklanmaktadir. Bu durum, daha yiiksek diizeyde genelleme
ve uyum saglama yetenegi gerektirir. OSOD modellerinin ¢ogu, veri dagilimlarinin
ve smif Ozelliklerinin egitim ve degerlendirme setleri arasinda olduk¢a benzer oldugu
ayn1 alanda egitilmekte ve degerlendirilmektedir. Son ¢alismalar, OSOD modellerinin
capraz alan degerlendirmesini incelemis olmasina ragmen, genellikle farkli duragan
goriintii alanlar1 i¢indeki degerlendirmelere odaklanmistir, duragan goriintii ve video
alanlar1 arasindaki degerlendirmelere degil. Modeller, duragan goriintii ve video
alanlar1 arasindaki alan degisimi nedeniyle ciddi veri dagilimi degisimlerine karsi
savunmasizdir.

Bu tezde, OSOD modellerinin ¢apraz alan senaryolarinda karsilagtiklar1 performans
farkinin nedenlerini gostermek ve analiz etmek amaclanmaktadir. Bunu yapmak igin,
duragan goriintii alanindan MS COCO veri seti iizerinde egitilmis olan son teknoloji
bir OSOD modeli olan BHRL’yi, video alaninin zorlu baglamini sunan VOT-LT 2019
veri seti kullanarak degerlendiriyoruz. Adil bir degerlendirme icin, yalnizca hedef
nesnenin bulundugu video karelerini dahil ediyoruz. Performans diisiisiinii hafifletmek
amaciyla, BHRL’yi temel OSOD modeli olarak alip, BHRL nin ¢ok diizeyli ozellik
o0grenimini kullanan son teknoloji OSOD modelinin ¢ikarim mimarisine ¢evrimici
ince ayar semast ve sorgu cekimi giincelleme mekanizmasini entegre ederek ii¢ farkli
yeni OSOD c¢ercevesi 6neriyoruz. Onerilen cergevelerin degerlendirilmesi sirasinda
mAPO.5 metrigi kullanilmis ve sinif bazli raporlama yapilmigtir. Egitim asamasinda
dahil edilen simiflar temel siniflar olarak siniflandirilirken, dahil edilmeyenler yeni
siniflar olarak kategorize edilmistir.

Asagida, onerilen OSOD cergeveleri Ozetlenmistir.

1. OSCDA w/o CDQSS: Hedef nesnenin ilk goriiniimii sorgu ¢ekimi olarak alinir ve
model, ¢ikarim agsamasinin basinda yalnizca bu sorgu ¢ekimi iizerinde ¢evrimigi
olarak ince ayar yapilir. Daha sonra model, ilgili siifin tiim 6rneklerini video
kareleri iginde tespit etmeye caligir. Ince ayar yapmak transfer 6grenmede
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geleneksel bir yaklagim olsa da, BHRL'nin ¢ok diizeyli 6zellik 68renimi ile
entegrasyon, tiim siniflarda tespit mAP.50 performansin1 14% artirmaktadr.

2. OSCDA w/ CDQSS: OSCDA w/o CDQSS’nin video nesne tespitindeki énemli
bir sinirlamasi, hedef nesnenin baglangi¢ goriiniimiinii temsil eden sorgu ¢ekimine
asirt uyum saglama riskinden kaynaklanan hizli goriiniim degisikliklerine kars
savunmasiz olmasidir. Bu dezavantaji agsmak icin, ince ayar yapmanin yani
sira, uyarlanabilir bir sorgu cekimi secme modiilii olan CDQSS, temel mimariye
entegre edilmigtir. Bu yaklasim, video kareleri boyunca afin hareket nedeniyle
meydana gelen hedef nesnenin hizli goriinim degisiklikleriyle basa ¢ikmak i¢in
denetimsiz ¢evrimi¢i ince ayar yapilmasini saglar. CDQSS ile sorgu cekimi,
nesnelilik skorlar1 ve kareler arasindaki yerellestirme tutarliligina dayali olarak
modelin tespitleriyle giincellenir. Model, ¢ikarim asamasinda CDQSS tarafindan
secilen sorgu cekimleriyle siirekli olarak ince ayar yapilir. Ince ayar siireci, zemin
gercegi yerine yalnizca modelin tespitlerine dayandi8i icin denetimsiz ince ayar
olarak adlandirilir. CDQSS, tiim siniflarda mAP.50’de ek olarak 6%’lik bir iyilesme
saglamstir.

3. SACDA: Ek cekimlerden yararlanarak tek cekim algilama yaklagimini terk
etmemek i¢in, BHRL’ye cevrimi¢i ince ayar yapmayr ve baslangic sorgu
cekimi ile sentetik olarak olusturulmus varyasyonlar1 (¢cogaltilmis cekimler olarak
adlandirilir) kullanmay1 6neriyoruz. Ozellikle, OSCDA w/o CDQSS’ye benzer
sekilde, SACDA cikarimin baginda yalnizca bir kez ince ayar yapar ve ardindan
model, sonraki kareler boyunca ilgili sinifin tiim 6rneklerini tespit etmeye calisir.
SACDA, hedef nesnenin goriiniimiindeki hizli degisimlere, Ornegin ters veya
dondiiriilmiis versiyonlara, ikinci cercevede (OSCDA w/ CDQSS) onerilen siirekli
ince ayar siirecine giivenmeden uyum saglamayr amaglar. SACDA, BHRL nin
mAP.50 skorunu 14% oraninda artirarak, OSCDA (w/o CDQSS) ile goriilen
lyilesmeyle eslesir. Ancak SACDA, bale, grup2 ve longboard gibi belirli dizilerde
sirastyla 14%, 28% ve 46% oraninda 6nemli Olciide daha iyi performans gosterir.
Bu diziler, hedef nesnelerin agir1 aydinlatma, 6lcek ve donme degisiklikleri ile
hizli aydinlatma degisiklikleri gibi zorluklar1 paylasir. SACDA’nin, hedef ve sahne
goriiniimlerindeki degisikliklere karst OSOD modelinin dayanikliligini artirma
tasarim hedefi goz Oniine alindiginda, bu 6nemli kazanimlar SACDA’nin potansiyel
etkinligini gostermektedir.

Onerilen cerceveleri degerlendirmeden 6nce, baz alinan BHRL modeli kullanilarak
OSOD modellerinin ¢apraz alan performans degerlendirmeleri sirasinda deneyimledigi
performans diigiisii gosterilmistir.  Bunun icin hem MS COCO hem de Pascal
VOC datasetleri ile egitilmis BHRL modeli kullanilmig, ve her iki model de
hem kendi egitim verisetinde hem de capraz alandan alinan video verisetinde
(VOT-LT 2019) degerlendirilmistir. Sonuclar gostermektedir ki, Pascal VOC veri
seti ile egitilen BHRL modelinin mAPO.5 performansi, kendi egitim setinde yapilan
degerlendirmelerle kargilastirildiginda, video verisetinde tiim siiflar, baz siniflar ve
yeni siiflar i¢in sirastyla 34%, 30% ve 51% diisiis gostermektedir. Bu son derece
dramatik diisiis, bu tezin ana motivasyonu olan OSOD modellerinin capraz alan
degerlendirmelerine kars1 dayanikli hale getirilmesi amacinin dayanak noktasi olarak
diistiniilmelidir.
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Capraz alan degerlendirmeleri sirasinda OSOD modeli BHRL nin performans diisiisii
gosterildikten sonra onerilen cerceveler ¢apraz video alanindan alinan VOT-LT 2019
verisetinde degerlendirilmistir. Onerilen cerceveler, BHRL nin tiim siniflar arasindaki
mAP.O5 performansim sirasiyla 14%, 20% ve 14% oraninda artirir.  Sadece baz
siniflar tizerinde yapilan degerlendirmede ise, onerilen ¢erceveler BHRL nin mAPO.5
performansini sirastyla 13%, 17% ve 13% oraninda artirir. Bunun yanisira, sadece yeni
siniflar iizerinde yapilan degerlendirmede ise BHRL nin mAPO.5 artisi sirasiyla 17%,
28% ve 14% olarak gozlemlenmistir. Belirtilmelidir ki, capraz alan degerlendirmeleri
icin kullanilan video veriseti VOT-LT 2019, hedef objenin sahnede bulunmadig:
kareler icermektedir. Bu kareler, literatiirdeki tek atigsl nesne tespiti algoritmalarinin
degerlendirme yontemleri goz Oniine alinarak, adil bir kargilagtirma amaci ile goz ardi
edilmistir.

Sonuglar ortaya koymaktadir ki, ¢capraz alan degerlendirmelerinde en yiiksek mAPO.5
skorlarina ulasan OSCDA (w/ CDQSS) cercevesi olmustur.  Siniflar bazinda
degerlendirmeler géz Oniine alindiginda, en fazla artis (28%) yeni siiflar iizerinde
yapilan degerlendirmeler sonucunda gozlemlenmistir. Tek atishh nesne algilama
(OSOD) algoritmalarinin ana motivasyonunun egitim setinde goriilmemis veri
siniflarina tek bir 6rnek yardimiyla adaptasyon saglanmasi oldugunu diisiindiigtimiizde
bu sonuclar umut vadetmektedir. Ote yandan, spesifik video dizilerinde onerilen
ticiincii cercevenin (SACDA) en yiikksek mAPO.5 skoruna ulastig1 gozlemlenmektedir.
Bu videolar incelendiginde, video kareleri boyunca gerceklersen ve nesne tespit
performansini diisiiren birtakim zorluklarin ortak olarak goriildiigii gézlemlenmistir.
Bu zorluklara ornek olarak, ani hedef goriinim degisiklikler, hizli arka plan ve
aydinlatma degisiklikleri ve ani kamera hareketleri verilebilir. Bu gostermektedir
ki cesitli veri arttirma yontemleri ile sorgu atigsinin tiirevlerini iiretmek ve model bu
tiirevleri kullanarak ince ayar yapmak, spesifik videolarda basarili sonu¢ vermistir.
Gozlemlenen performans iyilestirmeleri, Onerilen yontemlerin capraz alan deger-
lendirmelerinde performans diisiisiine neden olan alan degisikligi zorluklariyla basa
cikma konusuundaki performansini gostermektedir.
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1. INTRODUCTION

Object detection is a fundamental research area in computer vision, which aims to
classify and localize objects of interest within an image. Recently, significant progress
in deep neural networks led the community to build deep object detectors that have
achieved state-of-the-art (SOTA) performance in object detection. However, deep
object detectors require extensive labeled datasets to achieve good generalization
performance across novel (previously unseen) classes, leading to a labor-intensive
and expensive dataset preparation process. This restriction is addressed by the recent
development of few-shot object detection (FSOD) techniques, which can be defined as
the ability to generalize from only a few examples [5], [6], [7], [8], [9]. The FSOD
methods aim to transfer the knowledge gained on data-abundant base classes in the
training phase to the data-scarce novel classes in the inference phase.

One-shot object detection (OSOD) is the specific area of the FSOD, aiming to detect
all instances of a novel class in a target image using a single query of a previously
unseen class. Most one-shot object detectors focus on building semantic relations
between the query and target pair with a template-matching algorithm and similarity
learning [1], [10]. These approaches provide impressive performance in adaptation to
novel classes using only a single query, however, their ability to generalize is limited
since they focus on single-level feature relation between the query and target.
However, the main challenge one-shot object detection brings along arises from the
requirement that the model must adapt to novel classes based solely on a single
example, which demands a higher level of generalization and adaptability. To address
this challenge, some of the recent developments [11], [12], [13] focus on building more
complex and multi-level feature relations between the query and target, which help the
model to learn the novel class representation at multiple levels. AIT [11] leverages the
encoding capability of transformers to build a more complex and robust feature-based
relation between the query and target. [12] utilizes different relation heads to establish

semantic relations between query and target at multiple levels. BHRL [13], a baseline



model for our study, also leverages the advantages of multi-level feature learning,
improving upon [12] by adding a fusion relation layer.

The majority of the one-shot and few-shot object detectors are trained and evaluated
on the same domain in which the data distributions and class characteristics are quite
similar between the training and evaluation sets. Baseline study BHRL [13] also uses
the same domain for training and evaluation and outperforms other SOTA one-shot
object detectors by utilizing multi-level feature learning. However, its performance
highly relies on its training domain which comprises still images, resulting in a
performance degradation caused by the challenges raised by domain shift between the
still image and temporal video domain [14].

To tackle this problem, we propose to integrate an online one-shot fine-tuning layer into
the inference architecture of BHRL [13]. In the inference phase, the model trained on
the still image data from the COCO [15] is fine-tuned on the challenging VOT-LT 2019
[16] video data unseen in the training. This approach enables the domain adaptation
(from still image domain to video domain) that most one-shot object detectors in the
literature are not capable of. Unlike most one-shot and few-shot object detectors, we
fine-tune the model on only the novel classes instead of a balanced set containing both
novel and base classes. In particular, the ground truth of the target object in the first
frame is assigned as the query shot for the initial fine-tuning, for each video sequence.
To deal with challenges due to the rapid appearance changes of the target object across
the video sequence, the query shot is updated by monitoring the classification scores
as well as the localization consistency of the detections. The chosen detections of the
model are used for the query update and fine-tuning, yielding unsupervised fine-tuning.

Our contributions are summarized as follows:

* We demonstrate the performance degradation that arises from the domain shift
by evaluating the performance of BHRL [13] on the VOT-LT video data [16].
Numerical results illustrate a 34% and 7% decrease in mAPO.5 obtained on the
VOT-LT video data [16], using the BHRL model pre-trained on COCO [15] and
Pascal VOC [17] datasets, respectively.



* We propose to integrate an unsupervised online fine-tuning scheme with the BHRL
[13] to enable cross-domain adaptation in the OSOD task. Differing from the
existing fine-tuning schemes, we designed an unsupervised mechanism that updates
the target shot across the video frames. Performance tests on challenging VOT-LT
video data set [16] demonstrate that the proposed method enhances the mAP0.5 of

the baseline model by 18% and 28% on novel and base classes, respectively.

» Exploiting the augmentation by generating extra shots from the query shot, we
demonstrate the impact of fine-tuning with transformed shots. An average increase
of 14% in mAPO.5 of the baseline is reported across all classes on VOT-LT video

sequences [16].

1.1 Literature Review

This section provides a brief literature overview of the key points of this thesis, FSOD

and OSOD studies,cross-domain adaptation, and the motivation of this thesis.

1.1.1 Few-shot object detection (FSOD)

Most transfer learning-based FSOD methods [5], [6], [7], [8] use a two-stage
fine-tuning approach (TFA) [5] for transferring the semantic information learned from
only the abundant base classes to data-scarce novel classes. TFA [5] only fine-tunes the
last layers of the ROI head, solely the box classifier and regressor, while freezing the
rest of the network during the fine-tuning performed on a balanced dataset comprising
of both base and novel classes. This approach is motivated by the desire to avoid
the risk of overfitting the novel classes during the fine-tuning stage by preserving the
knowledge gained from the base classes in the base training stage. TFA is the first study
that introduces the fine-tuning approach for few-shot object detection and outperforms
the earlier meta-learning-based methods.

The MPSR [6] uses a different fine-tuning strategy compared to TFA keeping all the
network layers trainable during the fine-tuning stage. MPSR focuses on eliminating
the scale scarcity in few-shot datasets introducing the multi-scale positive sample
refinement branch. While this method is promising to alleviate the problem of

imbalance between the number of positive and negative samples during the training,



its reliance on manual selection within the positive refinement branch may limit its
generalization capacity.

FSCE [7] introduces the contrastive-aware object proposals to eliminate the risk of
misclassifying the novel classes into confusable classes. FSCE freezes the backbone
while keeping the FPN, RPN, and Rol head trainable during the fine-tuning over base
and novel classes.

DeFRCN [8] is another method that applies the two-stage fine-tuning approach,
freezing only the RCNN head. DeFRCNN focuses on solving the inconsistency
between the optimization goals of class-agnostic RPN and class-aware Rol head, by

introducing decoupling gradients and PCB block.

1.1.2 One-shot object detection (OSOD)

OSOD is a specific subtask of the FSOD parading. Most one-shot object detectors
utilize a matching module, aiming to detect the most similar proposal to the
query in the target image by measuring the similarity between them. CoAE [10]
applies the non-local operation to both query and target feature maps to yield more
information from the query, leading to better region proposals. They then utilize the
squeeze-co-excitation block to build a relation between the feature maps of the target
and the query.

SiamMask [1] leverages a matching algorithm to evaluate the similarity between
feature maps of the query and the target image, which are obtained by the famous
Mask R-CNN object detector [18]. They obtain the similarity feature map between
the query and the entire target image. Our baseline model, BHRL [13] improves upon
SiamMask [1], correlating the query and target on the instance level instead of relating
the query and the entire target image. BHRL [13] utilizes a three-head relation module
IHR to build robust relations between each region proposal obtained by RPN [19] and
the query image.

FSOD [12] proposes the attention-RPN, building a relationship between the query and
target with the depthwise convolution to generate region proposals in better quality.
FSOD [12] also introduces the three-head relation head between the target and query

as BHRL [13], however, it separately utilizes three relation heads, achieving three



different classification scores by each of them. On the other hand, BHRL [13] proposes
a fusion layer to combine all the relation features obtained by relation heads before

feeding the fused feature map to the RCNN head [19].

1.1.3 Cross-domain adaptation

Cross-domain one-shot object learning (CD-OSL) aims to enhance the generalization
capacity of OSL models across diverse datasets, alleviating the challenges raised
by domain shift. Although most CD-OSL studies in the literature are related
to classification tasks rather than detection, recent developments have introduced
benchmarks and methods targeting cross-domain FSOD (CD-FSOD). A recent study
[20] establishes a comprehensive evaluation benchmark to evaluate the OSOD and
FSOD models’ adaptation capability to diverse datasets. For this evaluation, they
prepare several datasets by focusing on increasing the diversity between them. This
benchmark contributes to the field by highlighting the limitations of several methods
during the cross-domain evaluations. However, despite their differences in application
areas or the degree of perspective distortion, all the benchmark datasets are still based
on the still-image domain.

MOoF-SOD [21] is another benchmark study that aims to evaluate the OSOD and FSOD
models’ effectiveness across diverse datasets. They also evaluate transfer learning and
meta-learning-based methods across different datasets such as medical, satellite, and
natural images. Although this study highlights the performance degradation across
different datasets and implicates the need for domain-agnostic approaches in FSOD
and OSOD, it also uses still-image datasets for both training and evaluation, which
may not provide comprehensive insights for cross-domain evaluations that focus on
still-image and video domains.

On the other hand, CD-ViTO [9], proposes a novel CD-FSOD model enhancing
the recent transformer-based FSOD model De-ViT [22] as well as establishing a
comprehensive benchmark for future CD-FSOD studies. The study [9] establishes an
evaluation benchmark comprising diverse datasets, introduces new metrics to measure
the domain gap, and improves upon the De-ViT [22] across different datasets. This

study distinguishes itself from the previous ones by introducing novel metrics that



measure the diversity across target domains, thereby revealing the root causes for
issues caused by domain shift. Even though these new metrics are helpful, the use
of still-image datasets for both training and evaluation limits the possible findings of
CD-FSOD.

Distinctively, this thesis diverges from these studies by focusing on enhancing OSOD
techniques in the cross-video domain using the video domain dataset as the target

domain rather than the diverse still image dataset like the previous ones.

1.2 Motivation and Purpose of Thesis

OSOD models aim to detect novel classes using a single sample of a previously
unseen class, enabling rapid adaptation to novel classes without extensive labeled data.
However, their performances highly depend on the training domain, which is usually
restricted to still images. Due to domain shift, this conventional setup yields significant
performance degradation in one-shot video object detection.

Despite recent advances in assessing OSOD models across different databases,
evaluations transitioning from still-image domains to video-image domains are
noticeably absent in the literature. The video domain introduces specific challenges
that are not found in still images, including quick alterations in the appearance of the
target object, frequent occlusions, the presence of similar objects, sudden changes in
lighting and background, as well as swift camera movements. These challenges result
in considerable performance drops during cross-domain evaluations.

The purpose of this thesis is to first demonstrate this performance degradation and then

to propose a solution to alleviate this gap effectively.

1.3 Outline

The working principles and network architecture are detailed in Chapter 2. The
proposed method is discussed in Chapter 3. An overview of the datasets, an
analysis of the domain gap between the training and evaluation datasets, and the
performance evaluation metrics are covered in Chapter 4. Chapter 4 also delves into
the experimental details and presents both visual and numerical results. Finally, we

conclude the thesis in Chapter 5.



2. ONE-SHOT OBJECT DETECTION VIA MULTI-LEVEL FEATURES

In this thesis, we propose a solution for the performance gap that one-shot object
detection models suffer from during cross-domain evaluations. To propose a solution,
we first demonstrate the performance degradation that the Balanced and Hierarchical
Relation Learning for One-shot Object Detection (BHRL) [13], a recent one-shot
object detection model, faced during evaluations across different domains. In
particular, the BHRL model, trained on the still-image domain MS COCO [15], is
evaluated on the video dataset VOT-LT 2019 [16] to highlight the impact of domain
shift on its performance. After demonstrating the performance gap caused by the
domain shift, we employ the BHRL model as a baseline to develop a solution for
this issue.

In this chapter, we define the problem formulation and explain the working principle

of the baseline model BHRL.

2.1 Problem Formulation

The one-shot object detectors aim to adapt to the set of objects from previously unseen
novel classes N with the help of a single example by transferring the knowledge gained
in the learning phase performed with the set of base classes B. The base classes B
included in the learning process do not overlap with those N only seen in the inference
phase, where BN N = ©. During the inference phase, the OSOD is capable of detecting
all instances of a previously unseen novel class from N within the given target image 7,
using only a single reference or query shot Q. In the scope of one-shot object detection,
this reference image Q is referred to as the query shot.

The main challenge that one-shot object detectors suffer from is the requirement of
being able to generalize from only a single novel query shot, Q that belongs to a
previously unseen class, N, to detect all instances of this novel class within the target

image, 7. Aside from the difficulty caused by a lack of sufficient query data, there is



a notable risk of overfitting the object representation on the query shot Q in one-shot
object detection. This can result in mistakes and false detections. To alleviate these
problems, multi-level feature learning which enables the model to learn representations
of the novel query shot Q from an unseen class N at multiple levels is proposed in the
baseline model, BHRL [13]. BHRL is a recent work achieving SOTA performance in
one-shot object detection by utilizing multi-level feature learning. By this approach,
the model can extract a rich set of features and build a more robust and complex
understanding of the novel object represented on the query shot Q. We use BHRL as a
baseline study to leverage its representation capability, mainly provided by multi-level
feature learning. In addition to this, we propose a novel one-shot conditional detection
framework, integrating an adaptive query shot selection mechanism that is enhanced
with the unsupervised online fine-tuning strategy to the BHRL.

In this section, the baseline study BHRL [13] is explained in detail.

2.2 Baseline Network Architecture

To extract visual features from both the query Q and the target 7, the model combines
a shared-weight Siamese ResNet-50 [23] with a Feature Pyramid Network (FPN) [24].
The model uses a typical Region Proposal Network (RPN) [19] that has been enhanced
by a similarity map computed between the query and target features, which boosts the
capability of generating region proposals that are more relevant to the query image Q.
The features of these proposals in the target 7" and the extracted features of the query Q
are then fed into the Instance-level Hierarchical Relation (IHR) module to achieve the
multi-level semantic relation between the target 7 and Q. The relation map produced

by IHR module is feed into the R-CNN head to detect objects.

2.2.1 ResNet-50 backbone

ResNet-50 [23] is a famous architecture that has proven to be highly effective for
various computer vision tasks, including object detection. The primary innovation
that ResNet-50 brings along is "residual blocks" which aims to tackle the vanishing
gradient problem allowing the network to be much deeper without suffering from

training difficulties. The shortcut connections found in each ResNet-50 residual block
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Figure 2.1 : ResNet-50 with FPN.

allow the network to learn residual functions concerning the layer inputs by skipping
one or more layers. This approach allows the gradients to flow through these shortcut
connections during backpropagation, minimizing the risk of gradient vanishing or
exploding.

Gradient vanishing. The vanishing gradient problem is a major challenge faced
during the training of deep neural networks. The issue appears if the gradients of
the network’s loss with respect to the parameters become very small as they are
back-propagated through the network during the training phase. The learning process
for the network’s early layers is essentially stopped when gradients disappear since
those layers’ weights receive a relatively little update. This leads to an insufficient
training process since the early layers, which are responsible for learning the low-level
features, fail to capture informative patterns from the input data.

In the scope of object detection, ResNet-50 serves as a powerful backbone model, with
an extensive capacity of producing rich feature representations for object detection.
It is a commonly used feature extractor on one-shot object detection tasks, where the

model needs to generalize well from a small number of samples.

2.2.2 Feature pyramid networks (FPN)

Feature Pyramid Networks (FPN) [24] is a famous module that aims to enhance the
representation capability of convolutional networks in detecting objects at multiple
scales. The main idea behind the FPN is to build a pyramid of feature maps at different
scales, with each level of the pyramid capable of extracting high-level semantic

features at its corresponding scale.



In this architecture, lower-resolution semantically stronger feature maps produced
by late layers are upsampled and enriched with spatially stronger ones with higher
resolution, generated by the early layers. By this approach, the spatially rich feature
maps can benefit from the semantic information richness of late-layer feature maps,
which improves the ability of models to detect smaller objects. This ability is
particularly essential for one-shot object detection, where the model is responsible
for detecting all instances of novel categories in the image using only a single sample,
regardless of their scale in the image.

Combining ResNet-50’s depth architecture and residual learning with FPN’s
multi-scale representation capabilities, these two models provide a strong architecture
for the one-shot object detection task that aims to efficiently detect and classify objects
from data-sparce novel classes. The combination of FPN and ResNet-50 produces
multi-scale feature maps from a given input image. The baseline model BHRL [13]
utilizes a shared weight siamese architecture, with two identical network branches for
the target (7') and the query (Q) as seen in Figure 2.1. Note that input pairs are selected
from the person14 sequence in the VOT-LT2019 video dataset [16].

2.2.3 Region proposal network

Region Proposal Network (RPN) [19] was first introduced by the famous object
detection framework Faster-RCNN [19]. RPN is proposed to generate the region
proposals in which a target object might be located. It operates on feature maps
produced by a feature extractor, which is ResNet-50 with FPN in our case, and
generates region proposals that indicate the possible regions in which the target object
is located on the input feature map. RPN makes region proposals using k different
regions pre-defined in terms of their aspect ratios and scales, which are called anchors.
In particular, a window with n x n is moved over the input feature map, and each
of these portions is fed into the classification and regression branches after they are
transformed to D dimensional vector. For each of the k anchors, the classification
branch produces an objectness score indicating the probability of a target object being
within the proposed region, while the regression branch produces offset values to refine

these proposals. In the baseline study BHRL [13], the similarity map is computed
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Figure 2.2 : Matching module [1] and RPN.

between the feature maps of the query Q target 7, which was produced by ResNet-50
combined with FPN. The similarity map is then fed into the RPN, thereby helping the
RPN to focus on the most possible regions most likely to contain the target object as

seen in Figure 2.2.

2.2.4 Multi-level feature learning

The main contribution of the baseline study [13] lies in leveraging the multi-level
feature learning for one-shot object detection. For this, BHRL proposes the
Instance-level Hierarchical Relation (IHR) module designed to build complex
relations between the query Q and the target 7. The IHR module produces a relation
map between the Q and the target T by fusing three different relation layers, each
reflecting a different type of relation. This fused relation map, which has various
levels of semantic information, is then fed into the R-CNN head. R-CNN head is
utilized to detect the query-related regions using the relation map.

The IHR module has different relation layers: contrastive, salient, and attention.

2.2.4.1 Constrastive-level relation

This branch focuses on global dissimilarities between target 7 and query Q,
emphasizing the distinctive features that distinguish the unseen novel class N present
in the query image Q from other objects in the target image 7. These dissimilarities
are highlighted by comparing each position of the target feature map with the query
feature vector.

For the comparison, the subtraction operator is used, highlighting the areas of the target

image 7 that distinguish it from the query, indicating potential regions where the query
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object might be located.

The contrastive level relation map is achieved by (2.1).
R, =Pe ([R(AP (Fq)) —Frl), @.1)

where Fp and Fr represent the global features of the query and the target, respectively,
with each having the channel size C. |- | denotes the absolute value operator, whereas
the P(-) indicates the pointwise convolution with the channel size §. R(-) is a repeat
operator that makes RC*1*1 — RCXKXK " \hereas the AP(-) denotes the average
pooling operation. The equation demonstrates how the repeat operator R(-) aligns
the dimensionalities of the query (Q) and the target (7)) feature maps, making the

subtraction possible.

2.2.4.2 Salient-level relation

This branch aims to identify the most unique and notable parts of instances through
depthwise convolution. These salient regions are crucial to establish a relation between
the query Q - target 7 images. This salient-level relation is established by using the
query embedding as a convolutional kernel across the target feature in a depthwise
manner. Depthwise convolution ensures that the generated relation feature map shares
the same resolution as the target feature map, helping the model better represent
saliency-based relations by keeping rich semantic information. By this approach, the
target image’s salient regions that most closely resemble the prominent features of the
query can be identified by the model.

The salient-level relation map is achieved by (2.2)
R, =Pc (D (AP (F,) F,)), (2.2)

where D(-) denotes the depth-wise convolution.

Depth-wise separable convolution. In the baseline model, the similarity map
between the query (Q) and target (7)) is computed depth-wise manner as in previous
studies [12] and [25]. Depth-wise separable convolution is a combination of the
depth-wise and the point-wise convolution operations. The depth-wise convolution
is responsible for identifying the spatial correlations, while the point-wise convolution

focuses on capturing the cross-channel correlations between inputs. The idea behind
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Figure 2.3 : Standard (left) and depth-wise separable convolution (right) [2].

the depth-wise separable convolution is to decouple the spatial correlations and
cross-channel correlations, resulting in more useful features [26].

Depth-wise separable convolution is commonly used to reduce the computational
cost and network complexity since each filter interacts with only one channel of the
input. While reducing the cost and complexity, it results in each output channel
carrying information solely from its corresponding input channel, limiting the ability
of the model to capture complex patterns across channels. To achieve a balance
between reducing the computation cost and enhancing the ability of the model to
learn complexities, the point-wise convolution is applied just after the depth-wise
convolution as seen in Figure 2.3. With point-wise convolution, the features from
different channels can be combined, enhancing the ability of the model to learn

complex patterns.

2.2.4.3 Attention-level relation

This branch focuses on capturing the local relations between the query (Q) and
the target (7). The baseline model adopts the cross-attention mechanism to create
spatial-aware query embedding to be compared with the target embedding at the local
level.

In the implementation, local feature maps both query Q and target T are extracted. The
spatial similarity is then computed between these local feature maps. To establish
complex non-linear relationships between them, the softmax activation function is

employed on the spatial similarity map, achieving Wy as in (2.3).

W, = softmax ((Coan (fT)) ' COIIV% (fQ)) ) (2.3)
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where, Conv% (+) denotes the convolution operation with the channel size % fo and fr
indicate the local features of the target and the query, respectively.
Ws 1s applied on the global query (Q) feature as a weight to achieve a spatial-aware

query feature denoted as WiF, in (2.4).
R, = Convc (|W;F; —F|) (2.4)

The local semantic relation between the spatial-aware query and the global target

feature is extracted by the simple yet efficient subtraction operator.

2.2.4.4 Fusion-level relation

In the fusion level, the relation feature maps computed using the global query features,
the contrastive Rc and salient-level RS relation maps, are first integrated. After
concentration, the point-wise convolution is applied to reduce the dimension size to
%. Then the attention-level relation map R4 which is produced using the local query
features is concatenated. Finally, the global target feature map Fr is integrated, and
another point-wise convolution with the size %C is applied to achieve the desired

dimension.

The fusion-level relation map R is achieved by (2.5).

R=Ps ([P% ([Rs,RC]),Ra,FTD (2.5)
2.2.5 R-CNN head

The R-CNN head is responsible for making final decisions based on the proposals
produced by the RPN. In BHRL [13], the relation map produced by the IHR module
is fed into the R-CNN head to detect the region proposal which is the most similar
to the query shot Q. This is possible because the IHR builds a relation map that
encapsulates the complex relationships between the region proposals within the target
T and the query shot Q, thereby enabling the R-CNN head to focus on detecting
the region that is most similar to the query shot Q. Feature maps of each proposal
are fixed to the same size using the Rol Align layer and fed into the sequence of

fully connected layers to achieve a fixed-size vector. This fixed-size vector is then
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fed into two branches that work in parallel, classification, and regression branches.
After predictions are finalized, the Non-Maximum Suppression (NMS) is employed to

eliminate overlapping predictions, using the overlapping threshold of 0.5.

2.2.5.1 Classification branch

The classification branch is responsible for predicting the class label of the
corresponding region proposal, including the background, producing a probability
distribution over all the possible classes. The BHRL employs binary classification,
utilizing class labels to denote the presence or absence of the target object within the
proposed region. In the BHRL, predictions with a confidence score lower than the
score threshold of 0.05 are ignored. For the binary classification tasks, the Binary
cross-entropy (BCE) loss function is employed. It measures the difference between the
ground-truth labels and the predicted probabilities of the positive class. For a single

prediction, the binary cross-entropy loss is calculated as in (2.6):

Les(y,p) = —[ylog(p) + (1 —y)log(1 - p)], (2.6)

where y denotes the ground-truth label, whereas p is the probability of the prediction
being in the positive class. In the binary classification tasks, ground truth can take only

two values, 1 or 0, indicating the existence or absence of the target object, respectively.

2.2.5.2 Regression branch

The regression branch is responsible for predicting the object location in the
corresponding region proposal. The regression branch produces four numbers, which
are used to refine the region proposals. To refine the region proposals, Smooth L1 loss

is used as in (2.7).

Lieg (va) = Z L1smoorn (Zi - 21) ) 2.7)
ie{x,y,w,h}

where, z and Z; denote the predicted BBOX coordinates and the ground-truth

coordinates. Smooth L1 loss is given in 2.8.

0.5x2 if [x] < 1

2.8
|x| —0.5 otherwise (28)

L1 smooth (x) — {
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The final loss for the training is a weighted combination of the classification and

regression branch losses as in (2.9).

Liotal = ALes ()’717) +Lreg (Zaf) (2.9)

The A is taken as 1 in the baseline study.

2.2.6 Dataset settings

The baseline model uses MS COCO [15] and Pascal VOC20017-2012 [17] datasets for
both the training and evaluation phases. The study divides 80 classes from the COCO
dataset into four equal parts. They take one split as novel N, whereas the remaining
three of them as base classes B each time during the experiments. For the Pascal VOC,
they split the dataset into two parts, 16 classes as base classes B, and 4 classes as novel
classes N. In the evaluation phase, they investigate the APsy performance of the model

on both base B and N classes.

2.2.6.1 Target-query matching

During the training phase, a target image 7 with a seen class instance B is randomly
chosen, as is a query image Q with that class. For the evaluation, five different query
images Q for each class from BUN that is present in the target image T are chosen to
be tested five times, and average APs scores are reported.

The baseline model [13] does not conduct any cross-database evaluation and uses
PASCAL [17] and COCO [15] datasets for both training and evaluation as in the
majority of one-shot object detectors [10], [1], [11]. This common use in the literature
arises from the limitations set by the nature of the one-shot object detection. Most
one-shot object detectors utilize a template matching algorithm between the query Q
and the target 7. By this approach, they achieve satisfactory results in the still image
domain where images are stationary and identifiable while being vulnerable to the
challenges caused by the domain shift [14]. This vulnerability encourages the research
community to use databases sharing similar data distributions and class characteristics
for both training and evaluation. We mitigate this vulnerability by proposing to
integrate an unsupervised online fine-tuning mechanism to the inference architecture

of the baseline model BHRL [13].
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3. CROSS-DOMAIN ADAPTATION BY TRANSFER LEARNING

The main motivation for this thesis is to address and propose a solution for the
performance degradation that one-shot object detectors face during the cross-domain
evaluations caused by the challenges that domain shift brings along. After analyzing
the reasons for this gap, we propose a novel "One-shot Cross-domain Adaptation by
Online Fine-tuning" framework (OSCDA). This framework improves upon the BHRL
[13], which is the baseline model for this thesis, by incorporating an unsupervised
online fine-tuning approach, complemented by an adaptive query shot selection
mechanism.

This section provides a detailed explanation of the proposed methods.

3.1 One-shot Cross-domain Adaptation by Online Fine-Tuning (OSCDA)

Recent transfer learning-based methods offer promising solutions for transferring the
data-abundant base (B) class knowledge to data-scarce novel classes (), utilizing
several methods such as increasing the number of positive novel samples [6],
introducing contrastive loss [7], and adding the gradient decoupled layer and an
extra calibration block to achieve a balance between the regression and classification
tasks and boost the classification accuracy, respectively [8]. However, these methods

become inefficient in transferring the base class knowledge to a novel class coming

-
v L maxcont. | i
! Score Update™

< 0
'

One Shot Objcet Detection (BHRL) (t+2)

Figure 3.1 : One-shot cross-domain adaptation by online fine-tuning (OSCDA).
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from a cross-domain as they cannot overcome the challenges raised by the domain
shift [14].

On the other hand, the baseline OSOD method BHRL [13] claims that it does not
need any fine-tuning process, to achieve satisfactory performance specifically on the
same evaluation domain as the one used for training. Yet, BHRL lacks cross-domain
performance evaluation. In the scope of this thesis, first, we demonstrate that it is
vulnerable to severe domain shifts by evaluating BHRL on the cross-domain video
dataset VOT-LT 2019 [16].

We alleviate this vulnerability by jointly fine-tuning the BHRL network [13] trained
on the Split3 base classes from still-image dataset COCO [15], on a single query shot
(Q) from the novel class N coming from the cross video domain VOT-LT 2019 [16],
in the inference phase as seen in Figure 3.4. We introduce the Cross-domain Query
Shot Selection (CDQSS) layer incorporated with the baseline method [13], for the
adaptive query shot (Q) selection. When the CDQSS is enabled, a new query shot
Q is adaptively selected based on the model’s prior decisions during the inference.
Subsequently, the model undergoes online fine-tuning using the chosen query shot
Q taken from the cross-domain dataset VOT-LT 2019 [16] during inference. This
fine-tuning process is unsupervised, as it relies solely on the model’s prior decisions
rather than ground truth data.

The new query shot Q is adaptively chosen based on specific predefined conditions
within a K-frame range. To evaluate these conditions, the confidence scores of model
predictions are continuously monitored across K-frame segments throughout the
video sequence. After the model’s predictions are validated based on the confidence
score, the temporal consistency between the prediction with the highest score and
the most recent one is checked by the Temporal Consistency Check Block using the
Intersection over Union (IoU). If all the conditions are satisfied, the chosen query
shot Q is used to adapt the model to the updated appearance represented by itself,
by applying unsupervised fine-tuning. In the evaluations discussed in Chapter 4,
we examined the model’s performance both with and without the activation of the

CDQSS, referred to as OSCDA w/ CDQSS and OSCADA w/o CDQSS, respectively.
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Figure 3.2 : Query shot updates by CDQSS.

For visual inspection, a number of the query shots adaptively chosen during the
inference are given with the corresponding frame numbers in Figure 3.2. As seen
in 3.2, by continuously selecting new query shots during the inference, CDQSS allows
the model to capture the target object across various aspects and scales. Notably, the
CDQSS demonstrates the ability to consistently choose the target object as query shot
Q in long-term video sequences, such as liverRun or horseride, despite significant

changes in the appearance of the target object.
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3.1.1 Loss function

We keep all the network parameters trainable during the cross-domain fine-tuning.
During the fine-tuning, we employ the joint loss function for regression and

classification tasks given in Eq. (3.1) as in the baseline study BHRL [13],
L=Lr1+LpcE (3.1

where L;; represents a smoothed L1 loss used in the regression branch, and Lpcg
denotes the binary cross-entropy loss (BCE) applied in the classification branch, as
given in Figure 3.4.

The smoothed loss given in Eq. (3.2) aims to minimize the mean absolute difference
between BBOX coordinates (y;) of the novel query shot and the BBOX coordinates

(i) predicted by the model where Ny denotes the number of shots.

1 Nr
Lyy =+ ) lyi= il (3.2)
s j=1
For the classification branch, Lgcg is computed as in Eq. (3.3),
1Y
Lpce = —— Z [Pyilog(ps,) + (1 = py,) log(1 — ps,)] (3.3)

Ny i 5

where py. and py, indicate the actual class label (either O or 1) of the target y; and
predicted probability of positive class (ranging from O to 1), respectively.

The one significant reason why we keep all the network parameters trainable during
the fine-tuning is to leverage the advantages of multi-level feature learning by
allowing them to continue to learn from the novel object representation. We initialize
the weights from [13], which were pre-trained on the COCO dataset [15] and proceed
to fine-tune the model with a single example taken from the challenging video domain
VOT-LT 2019 [16]. Unlike most one-shot object detectors that use both base and
novel classes during the fine-tuning, we use only novel classes for the fine-tuning. The
fine-tuning process continues throughout the video sequence using different one-shot

examples adaptively chosen from the model’s detections as in the Cross-domain

Query Shot Selection (CDQSS) block in Figure3.4.
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3.1.2 Cross-domain query shot selection (CDQSS)

Initially, the novel query shot Q is specified as the ground truth representation of the
target object in the first frame of the video sequence (y;) and the model is subsequently
fine-tuned using this chosen shot. During the initial fine-tuning, the number of samples
is set to 1, and the L1 loss is used to minimize the absolute difference between the
predicted (¥7) and actual bounding box coordinates in the first frame (y;), as in Eq.

(3.4).

L = |y1 =1 (3.4)

BCE loss is also used to minimize the difference between the predicted probabilities
and the actual class label (py, = 1) of the target in the first frame across epochs, as in
Eq. (3.5).

Lpce = —log(py,) (3.5)

However, integrating online fine-tuning with an OSOD brings along the risk of
overfitting considering that only a single query shot is used for fine-tuning. Moreover,
keeping all the parameters trainable during the fine-tuning also increases the possibility
for the model to overfit on the novel query shot Q. To mitigate this risk, we adaptively
update the query shot across the video sequence with the model’s detections using the
Cross-domain Query Shot Selection method.

We store the model’s decisions in the detection memory across K-frame segments
throughout the video sequence to monitor their confidence scores. K is an adjustable
parameter, we choose a safe threshold by setting K as 100. The Score Validation Block
then validates each detection, filtering the one with a confidence score lower than the
score threshold which is set as 0.85. The parameter set at 0.85 is adjustable. We chose
this value because the model usually yields high confidence scores, leading us to use
a high score threshold to confirm that the model’s predictions are true positives. By
this approach, we prioritize the predicted confidence scores achieved by the baseline
model [13], leveraging the advantages of the multi-level feature learning approach.
Most challenges of the video domain adaptation are raised by the rapid appearance

changes of both target and background occurring across the video sequence. Even
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if the model is trained to detect the most similar proposal to the query shot Q in the
target image 7, the appearance of the query might significantly change throughout the
video sequence, leading the model to make poor predictions. We alleviate this problem
by introducing the Temporal Consistency Check Block that evaluates the temporal
alignment between the latest detection and the most confident one. If the Intersection
over Union (IoU) between them is higher than the threshold which is pre-defined as
0.70, the query shot Q is updated to the most confident detection. In this scenario,
we apply unsupervised fine-tuning, where the model’s detection (yies’) selected by
the CDQSS from the frame k< K is set as ground truth. The L1 loss is employed to
minimize the difference between the selected detection and the predicted detection (V)

at frame k across the epochs as in Eq. (3.6).

best

Lii= |V = 5] (3.6)

BCE loss is also used to minimize the difference between the predicted class
probabilities and the actual class label of the model’s detection selected by the CDQSS

(pyiest = 1) across epochs, as in Eq. (3.7).

Lpce = —log(py,) (3.7)

If the pre-defined conditions are not met, the query shot is reverted to the initial
query shot. While this method doesn’t entirely mitigate the challenges raised by rapid
appearance changes, our experiments show that relying on the initial provided ground
truth representation of the target object in these cases significantly minimizes the issues
associated with the appearance shifts in the temporal domain.

We evaluate the proposed method with and without the CDQSS to see the contribution
of updating the query shots across video frames. Without CDQSS, the model is
fine-tuned once with the specified number initial query shot only at the beginning of
the sequence .

K is an adjustable parameter that allows us to update the query shot Q on which the
model is fine-tuned from the model’s decisions. We ensure that the chosen query shot Q
is a true positive by evaluating it based on different conditions such as their confidence
scores and temporal consistencies. This strategy helps prevent overfitting to the initial

query shot derived from the ground truth. Obviously, if the model’s decision chosen to
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Figure 3.3 : Shot augmentation for cross-domain adaptation (SACDA).

be updated as new query shot Q is not a true positive, the model would fail to detect
the instances of it on subsequent frames. For this very reason, we maintain a safe score
threshold and propose the framework OSCDA (w/ CDQSS) such that it updates the

query shot, frequently.

3.2 Shot Augmentation for Cross-domain Adaptation (SACDA)

Data augmentation is a widely known method to increase the diversity of the data to
be consumed by deep learning models, making the models more robust to appearance
changes. It also serves to minimize the risk of overfitting since acting like a regularizer
during the training.

In the proposed method OSCDA (w/o CDQSS), fine-tuning the model only with the
initial appearance of the target carries a high risk of overfitting. On the other hand,
the continuous end-to-end fine-tuning on different shots across a sequence brings
along a time consumption even though we use a simple yet efficient loss function
for optimization during fine-tuning. To achieve a balance between reducing time
consumption and minimizing overfitting risks, we introduce the Shot Augmentation for
Cross-domain Adaptation (SACDA) approach that enhances the initial query frame’s
diversity by applying widely used data augmentation techniques in conventional object
detection as seen in Figure 3.3. In this way, we allow the model to adapt to these
synthetically generated shots during fine-tuning, which is performed only once at the
beginning of the inference phase. We increase the model’s ability to learn different
variations of the initial query shot without updating the query shot at various times
with different appearances and scales. We do not incorporate any query shot update

and continuous fine-tuning process, fine-tuning the model only at once at the beginning
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Figure 3.4 : Augmented query shots.

of the inference with the initial query shot’s variations that we call "augmented shots".
The main purpose of the SACDA method is to mimic the motion variations of
the target as well as the illumination changes, which naturally occur through the
sequence considering the complexity of the challenging VOT-LT2019 dataset [16]. We
apply horizontal flip, random scale, random translation, and shearing to replicate the
appearance changes of the target. Additionally, brightness adjustments are employed
to replicate the scene’s illumination variations during the sequence. We achieve 8
"augmented shots" (py, = 1) as the result of the SACDA method.

Hence the model is only fine-tuned at the beginning of the inference phase with the

augmented shots employing the L1 and BCE losses as in Eq. (3.8) and Eq. (3.9),

respectively.
1 8
Liy =g ) |vi— il (3.8)
=1
1 8
Lpce = -3 Y [log(ps,)] (3.9)
i=1

We compare the Shot Augmentation for the Cross-domain Adaptation method
with the One-shot Cross-domain Adaptation by Online Fine-Tuning to evaluate
whether utilizing different variations of the initial query shot could eliminate the

time-intensive process of continual target updates without compromising performance.
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Table 3.1 : Comparison of inference time between the proposed methods.

Method Inference time (mins)
Baseline [13] ~4.5
OSCDA (w/o CDQSS) ~ 8.5
OSCDA (w CDQSS) ~ 120
SACDA ~ 14.5

Discussion. We introduce the SACDA method to introduce a candidate framework
that will be achieve at least the same performance as the OSCDA (w/ CDQSS) method
while eliminating the time consumption that it brings along. However, as discussed in
Section 4, the SACDA method yields lower AP0.5 results compared to the OSCDA (w/
CDQSS) method, with reductions of approximately 4% and 14% for base and novel
classes, respectively, when tested on the COCO [15] and Pascal VOC [17] datasets.
Compared to the OSCDA (w/o CDQSY), it produces approximately 1% lower results
on base classes, with both models initiated with COCO and Pascal VOC datasets. For
novel classes, the SACDA method shows a decrease in AP0Q.5 results by 3% and 8%
for models initiated with the COCO and Pascal VOC datasets, respectively.To sum up,
the SACDA method could not achieve either the OSCDA (w/o CDQSS) or OSCDA
(w/ CDQSS) methods in any configuration. It just outperforms the other methods on
specific sequences as discussed in Section 4.

Table 3.1 shows the inference time of the proposed methods on a video sequence with
an average duration (~ 3000 frames). Compared to OSCDA (w/ CDQSS), the only
advantage that stands out with the SACDA method is the time efficiency it provides.
However, its inference time is much longer than the OSCDA (w/o CDQSS) whereas
its performance is lower than it.

Considering the overall results, the SACDA method is not the preferable one based on
either performance or time efficiency. As explained in Section 4, it outperforms the
other methods on specific video sequences which is promising for future studies. With
targeted augmentation methods, it is possible to improve the AP0.5 results without

significantly increasing the inference time.
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4. PERFORMANCE EVALUATION

This chapter provides information about the dataset used in the training and evaluation
(Section 4.1) phases as well as the performance evaluation metrics (Section 4.3).
Besides, Section 4.2 illustrates the domain gap that OSOD models experience during

the cross-domain evaluations.

4.1 Datasets

This section provides a detailed examination of the datasets used for both the training
and the cross-domain evaluation phases, along with an analysis of the domain gap

between them.

4.1.1 COCO dataset

The COCO (Common Objects in Context) dataset [15] is one of the most popular
datasets for the object detection task in the community. It has been commonly used
for both the training and evaluation phases of deep learning models. COCO provides
a rich set of annotations for both segmentation and detection tasks. In the scope of this
thesis, we are only interested in object detection annotations. The dataset contains 80
object categories with approximately 200K annotated, covering a wide range of objects
from everyday life. The dataset contains 80 distinct object categories which include a
broad spectrum of objects commonly encountered in daily life.

In this thesis, the pre-trained model on the particular split of the COCO dataset, split
3 as given in [1], is used for the experiments. The classes that are not included in this
split, which means that the novel (N) classes are given in Table 4.1. We intentionally
chose the model pre-trained on split 3 because we aimed to select a split that includes
classes overlapping with those in the VOT-LT 2019 dataset, which we employed for

cross-domain evaluation. This approach allows us to evaluate the model’s performance
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Table 4.1 : COCO split 3 novel classes.

Class id Class
3 Car
7 Train
11 Fire Hydrant
15 Bird
19 Sheep
23 Zebra
27 Handbag
31 Skis
35 Baseball bat
39 Tennis racket
43 Fork
47 Banana
51 Broccoli
55 Donut
59 Potted plant
63 TV
67 Keyboard
71 Toaster
75 Clock
79 Hair drier

on both novel and base classes. By doing so, we aim to ensure that not all classes from

the VOT-LT 2019 dataset are treated as novel in our evaluations.

The examples for the COCO dataset are given in Figure 4.1.
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Figure 4.1 : Examples from the COCO dataset [3].

4.1.2 Pascal VOC dataset

The PASCAL Visual Object Classes [17] is a popular benchmark for object detection,
providing a representative annotated dataset for object detection studies. In the baseline
study, two versions of the dataset are used, VOC2007 and VOC21012. VOC2007 and
V0C2012 have approximately S5k and 12k images, with 25k and 27k annotated objects,
respectively.

The dataset contains 20 different object categories as seen in Figure 4.2.
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Figure 4.2 : Examples from the Pascal VOC dataset [4].

In this thesis, the model pre-trained on the specific split of the Pascal VOC dataset, as
given in [1], which contains 16 of 20 classes. The remaining 4 classes which are cow,

sheep, cat, and aero are not included in the base training of the BHRL model.

4.1.3 VOT-LT 2019 dataset

The VOT-LT 2019 (Visual Object Tracking Long Term) Challenge is a well-known
benchmark for the evaluation of visual object tracking algorithms. The challenge
provides 50 different long-term video sequences, with 50 diverse scenarios containing
several difficulties. The main purpose of the challenge is to evaluate the performance
of tracking algorithms on these sequences where the target object may disappear for
a while. Besides the target disappearances for a while, the video sequences have
several difficulties like rapid appearance changes of the target object, swift shifts in
the background illumination, and rapid camera movements resulting in blurry view.

The examples from 50 video sequences with their names are given in Figure 4.3.
Since the benchmark was performed to evaluate the trackers, not the detectors, the
annotations contain BBOXes of the target object in each video sequence but do not
specify the class of the target objects. In this thesis, we use the VOT-LT 2019 dataset
for a cross-domain evaluation, considering each sequence has a different class of
object. Since the VOT-LT 2019 dataset serves a different purpose compared to the
datasets used in the training phase Pascal VOC and COCO datasets, its distribution
significantly varies from those of the training datasets. This domain shift leads
to a notable degradation in the performance of the baseline model BHRL during

cross-domain evaluation. Before demonstrating this performance gap and proposing a
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Figure 4.3 : Examples from the VOT-LT 2019 dataset [4].

solution for it, we first examined the domain gap between the training and evaluation

domains in Section 4.2.

4.2 Analysis of Domain Gap

The main motivation of this thesis is to propose a solution to alleviate the performance
degradation raised by the domain gap. For this purpose, we first examine this
performance gap between the training and evaluation domains in this section.

We use the Inter Class Variance (ICV) metric proposed in a CD-FSOD [9] which is a
very recent work studied on the cross-domain evaluation of few-shot object detection
(FSOD) models. In this work, the authors demonstrate the performance degradation of
the recent transformer-based FSOD model De-Vit [22] on the cross-domain datasets.
Unlike us, they use the still-image domain for both training and evaluation, yet
they select target datasets, for the cross-domain evaluations, with distributions that
significantly diverge from the training dataset. To demonstrate the domain gap between
the training and evaluation (target) domains, they propose metric ICV which defines
the divergence within the classes of the respective domain. This means that the datasets
in which the classes are very distinct from each other have higher ICV values and lower
values when the opposite is true.

They first calculated the score matrix S for each dataset using the text features obtained

by the CLIP [27] as in (4.1).

S=7.97, (4.1)
where .% denotes the concatenated matrix of text features (fi, f2,..., fy) correspond-
ing to each class ({cy,c2,...,cn}) within the dataset that comprises N distinct classes.
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Figure 4.4 : ICV values of datasets.

Here ¢ values indicate the name of each class.

Then they achieve ICV value for each dataset using the score matrix as in (4.2).

1
ICV:NZ*D;;SU, 4.2)

where D denotes the dimension size of the text features.

We follow the same steps to calculate the ICV values for training datasets, COCO [15]
and Pascal VOC [17], and evaluation dataset VOT-LT 2019 [16]. As previously
mentioned, the VOT-LT 2019 dataset provides only the bounding box (BBOX)
coordinates for each target object in the corresponding sequence without class labels.
To address the absence of class annotations in the VOT-LT 2019, we utilized
ChatGPT-4 to create class descriptions for each target object. [28].

We perform the same calculations as [9], resulting ICV values for each dataset as in
Figure 4.4. Note that, for each training dataset, we only use the classes that are included

in the training phase.

Figure 4.4 clearly illustrates a significant gap in the ICV values of the datasets used
in the training and evaluation phases. As stated in [9], ICV measures the similarity
between the semantic labels of the objects within the corresponding dataset. Such
a difference between the ICV values is expected, given that the training datasets
consist of still images, while the evaluation dataset originates from the video domain,

highlighting the divergence of the dataset characteristics. The authors [9] state that
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transferring knowledge between datasets with high ICV values, like the datasets
used for the training of the BHRL model, is relatively straightforward. However,
transferring knowledge to a cross-domain dataset with a low ICV, where the distinction
between classes is less pronounced as in the VOT-LT 2019 dataset used for the
cross-domain evaluation, presents a significant challenge. In light of this information,
this variance between the ICV values of the training and evaluation datasets provides
a rational basis for the observed performance degradation of the BHRL model in

cross-domain validation scenarios.

4.3 Evaluation Metrics

Mean Average Precision (mAP) which is a commonly used metric for the performance
analysis of one-shot object detection models in literature is used to evaluate the
detection performance of the model. In particular, we use the mAP calculated at an

IoU threshold of 0.5, which is referred to as mAPO.5.

4.3.1 Intersection over union (IoU)

Intersection over Union (IOU) measures the overlapping area between the model

prediction and the ground truth as in (4.3).

TnT
fou = a0 0T), (43)
area(TUT)

where 7' and T denote the predicted and the ground-truth BBOXes, respectively.

A predicted BBOX is considered a match with a ground truth BBOX if their
Intersection over Union (IoU) exceeds a predetermined IoU threshold. Although a
predicted BBOX can only be matched with one ground truth, a single ground truth can

match with several model predictions.

4.3.2 Precision

The prediction with the highest confidence score among all predictions matched with
the ground truth is considered a true positive (TP), meaning that the model has

successfully identified an actual object. The other predictions that are matched with
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the same ground truth BBOX are considered false positives (FP), indicating that the
model made incorrect BBOX predictions for objects that do not exist in real.
The percentage of the correct model predictions is measured by the precision metric

(P), as given in (4.5).
TP

p—_ ' (4.4)
TP+FP

4.3.3 Recall

The ground truth BBOXes that do not have any assigned predictions are classified as
false negatives (FN), suggesting that the detector has failed to identify the existence of
a real object.

Recall metric (R) measures the proportion of existing objects that are correctly detected

by the model.
TP

REYF - £ (4.5)
TP+FN

4.3.4 mAP0.5

Average Precision (AP) is the area under the precision-recall curve at the specific loU
threshold. In the experiments, we use the IoU threshold of 0.5.
AP is calculated as in (4.6)

I
AP:/O p(r)dr, (4.6)

where p(r) is the measured precision at the recall level r.
The mean average precision (mAP) is used to evaluate the overall detection
performance of the model across all classes. It represents the average of the computed

Average Precision (AP) values for each particular class.

4.4 Experiments and Results

This section provides the evaluation strategy and experimental settings used to evaluate
the proposed methods in this thesis. We first demonstrate the performance degradation
that one-shot object detection methods face during the cross-domain evaluation in
Section 4.4.1. We then proceed to evaluate the performance of our proposed one-shot
object detection framework, OSCDA, presenting in-depth experimental findings in

Section 4.4.3. Finally, we extend our evaluation by including detailed visual results
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and comprehensive analysis in Section 4.5. During these experiments, we use the

object detection evaluation metrics explained in Chapter 4.

4.4.1 Demonstration of performance gap during cross-domain evaluation

The performance of one-shot object detection models highly depends on the training
data domain mainly composed of still images from publicly available object detection
datasets. As a result, a significant performance degradation raised by the domain shift
is observed during the cross-domain evaluation.

We demonstrate this gap by performing cross-domain evaluations on the provided
BHRL models [13] pre-trained on still-image sets, Pascal VOC [17] and COCO [15]
(split 3) datasets, on the cross video dataset VOT-LT 2019 [16]. Since the OSOD
models have been evaluated on the public object detection datasets, the frames in which
the target object does not exist are removed from the video sequences of the VOT-LT
2019 dataset, for a fair comparison.

Class-based reporting. In the video domain, the main purpose is to successfully detect
the target object, which is introduced at the beginning of the sequence, in all subsequent
frames. This goal is integral to our study and is incorporated into the one-shot object
detection task formulation as outlined in Section 2.1. By adopting this methodology,
we treat each target object in each of the 50 video sequences from the VOT-LT 2019
dataset as a separate class. Our framework, OSCDA, is designed to detect all instances
of a specific target object in every frame throughout the respective video sequence.
For a fair comparison with the baseline study, we categorized the target objects in
each video sequence into the base (B) and novel (N) classes. To achieve this, we first
grouped each target object under the main classes to align them with those found in the
COCO and Pascal VOC datasets. For instance, the target object "person" appears in 24
different video sequences, each representing varied behaviors and unique appearances.
In one sequence, the person might be playing basketball, while in another, she/he could
be skydiving in a winged suit. We grouped all these instances under the "person"
category to ensure consistency and fairness in the performance comparison with the
baseline study.

For the evaluation on the still-image domain, COCO, and Pascal VOC datasets, we
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Figure 4.5 : Cross-domain evaluation of VOC model.

use the same experiment settings as the baseline model BHRL as explained in Section
2.2. During evaluation in the cross-video domain, we randomly select 5 query shots
(Q) from the corresponding video sequence to test the baseline model specifically on
this sequence, treating each target object in each sequence as a distinct class. We
then calculate the average performance across 5 different runs for each sequence
to report the mAP(.5 performance individually. Finally, we calculate the average
mAPO.5 scores of sequences belonging to the base (B) and novel (V) classes separately,
according to the target objects’ main classes.

VOC model evaluation. We first evaluate the BHRL model pre-trained on Pascal
VOC, which is referred to as the VOC model in further analysis, on test data from the
cross-video domain. Normally, the VOC model [13] uses 16 classes as the base and
assigns the remaining 4 classes as novel. For a fair comparison, we report the mAP0.5
performance exclusively for the base and novel classes that are shared between the
Pascal VOC and VOT-LT 2019 datasets.

Figure 4.5 compares the VOC model’s performance on its training domain (indicated
by the blue triangles) and cross-video domain VOT-LT 2019 (represented by the red

squares).

As seen in Figure 4.5, the VOC model achieves a quite sufficient object detection
performance, 75.14% across all classes, on the same evaluation domain as its

training. However, significant performance degradation is observed when this model
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Figure 4.6 : Difference in novel classes across training and evaluation domains.

is evaluated in the cross-domain video dataset VOT-LT 2019, dropping to 41.14%
across all classes. Besides, the performance gap raised by the domain shift reaches
approximately 51% across novel classes, emphasizing the main motivation behind this
thesis. To further investigate this performance gap, we examined the differences in
data distribution of images from the same novel class, specifically cats, as shown in

Figure 4.6.

As demonstrated in Figure 4.6, there is a noticeable variance in object appearances
within the same class. This divergence is particularly pronounced in the cross-video
domain, which presents unique challenges such as occlusion, blur, and rapid changes
in appearance, which are the typical challenges of the video domain. These challenges
are not typically encountered in still-image datasets like Pascal VOC where the images
are still and clearly visible. These challenges are the key factors contributing to the
significant performance drop observed during the cross-domain evaluations.

COCO model evaluation. We also demonstrate the performance gap and evaluate
the BHRL model pre-trained on the COCO dataset, which is referred to as the COCO
model, on test data from the cross-video domain. Originally [13], the COCO split
3 models uses 20 classes as the base and assigns the remaining 60 classes as novel.
Consistent with the strategy used in the prior experiment, we only report the mAPO0.5
performance on those base and novel classes that are common to both the COCO and

VOT-LT 2019 datasets, ensuring that our evaluations are comparable and relevant.
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Figure 4.7 : Cross-domain evaluation of COCO model.

Figure 4.7 compares the COCO model’s performance on its training domain (indicated
by the green circles) and cross-video domain VOT-LT 2019 (represented by the red
squares). As seen in Figure 4.7, the COCO model achieves 58% mAP0.5 performance
on the same domain as its training, while it experiences a decrease to 52% mAP0.5
performance on the cross-video domain. Besides, there is a notable performance gap
of nearly 15% between the image and video domain evaluations across base classes.
One interesting result is that the COCO model shows better performance in the video
domain across the novel classes. However, it is more reasonable to compare the
mAPO.5 performance across all classes between the image and video domains, rather
than solely among novel classes. This is particularly fairer because only two classes,

bird and car, are common between the COCO and VOT-LT 2019 datasets.

4.4.2 Cross-domain evaluation of proposed methods

In this section, we evaluate the proposed framework OSCDA and our other
experimental approach SACDA on the cross-video domain VOT-LT 2019 dataset [16].
We evaluate the proposed framework on the video dataset VOT-LT 2019 by initiating
two provided models [13] pre-trained on the still-image datasets COCO and Pascal
VOC, which are referred to as the COCO and VOC models. The cross-domain
evaluations are performed separately for the base (B) and novel (N) classes, and there

are variations in the base and novel classes between the experiments performed with
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the COCO and VOC models. The categorization of novel and base classes for each
model is determined based on the settings of the training dataset used in each respective
experiment. As discussed in Section 4.4.1, we treat each target object in each video
sequence as a distinct class, categorizing them into base and novel classes based on
the main classes they are grouped under. In this section, we report the mAPO0.5
performance for each sequence individually and also provide the average mAPO0.5
results for both the base (B) and novel (V) classes. For simplicity, we use mAPO0.5
for base classes and nAPO0.5 for novel classes, respectively.

Experimental settings. Further evaluations in this section show the mAPO0.5 scores of
baseline study BHRL [13], the proposed OSCDA framework (both with and without
the CDQSS module enabled), and our other proposed method SACDA, on the 50 video
sequences from the cross-video domain dataset VOT-LT 2019 [16].

For the evaluation of BHRL, the same experimental settings are used as in Section 4.2.
For the OSCDA method without CDQSS, the initial appearance of the target object is
used as the query shot (Q), and the model is specifically fine-tuned with only this query
shot (Q), once at the beginning of the inference phase. Following this, the model aims
to identify all instances of the class of the query shot Q throughout the sequence.

In the case of evaluating the OSCDA method with CDQSS, the model is continuously
fine-tuned during the inference on new query shots (Q) adaptively chosen by the
CDQSS module as explained in Section 3.1. With each fine-tuning process, the model
adapts to the latest appearance characteristics of the class of the query shot (Q), aiming
to detect all instances of this class in the following frames.

At last, for the SACDA method, the model is fine-tuned once with the initial
appearance of the target object and its variations (query shots Q) at the beginning of the
inference phase. This approach aims for the model to adapt to different appearances of
the target throughout the sequence without the need for continuous fine-tuning during
the inference phase. Following this fine-tuning, the fine-tuned model aims to detect
instances of the class of query shots (Q).

To evaluate these methods, the same evaluation strategy is employed. Upon completion
of the inference process, the model’s detections are then compared with the ground

truth, and the mAPO.5 scores are calculated.
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4.4.3 Performance analysis with COCO model

We first evaluate the proposed framework OSDCA by initiating the COCO model. As
discussed before, we specifically initiate the baseline model pre-trained on the COCO
split3. As discussed in Section 4.4.1, we treat each target object in each sequence as a
different class and report the mAPO.5 scores for each sequence individually. We also
group the video sequences as the base (B) and novel (N) according to target objects’

main classes to report the performance across base and novel classes separately.

4.4.3.1 Performance analysis on base classes

Table 4.2 shows the mAPQ.5 scores of the COCO model [13], the proposed OSCDA
framework (both without and with the CDQSS module enabled), and our other

proposed method SACDA, across the 50 video sequences from the cross-video domain

dataset VOT-LT 2019 [16].
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Table 4.2 : One-shot detection performance of the baseline and proposed methods on
the VOT-LT 2019 dataset for the base classes of COCO split3 ( mAPO.5).

. COCoO OSCDA OSCDA
VideoSed- L 0del[13]  (wloCDQSS)  (w/CDQss) ~ SACPA
ballet 10.5 429 36.6 50.4
bikel 42.6 66.3 7.7 72.8
dragon 6.3 31.0 39.3 44.2
groupl 17.7 442 51.5 51.1
group2 26.0 453 35.8 63.9
group3 57.0 75.4 82.6 88.0
kitesurfing 58.2 76.5 84.7 514
longboard 75.0 81.1 37.5 83.3
tightrope 22.1 64.0 71.4 63.8
person2 87.5 92.9 96.8 80.9
persond 95.7 96.2 97.5 95.1
person5 100.0 100.0 100.0 100.0
person7 94.5 98.1 98.7 99.0
personl4 67.7 79.0 80.0 88.7
personl7 92.5 96.1 98.7 97.0
personl9 533 70.4 94.1 66.9
person2( 70.8 68.6 98.6 73.8
bicycle 64.6 99.6 84.5 77.7
wingsuit 97.2 98.7 99.9 98.8
skiing 72.0 88.0 88.2 84.6
rollerman 90.2 88.3 93.9 94.8
warmup 24.6 27.4 38.3 27.6
catl 47.0 66.5 82.4 67.1
cat2 50.1 62.0 58.6 49.5
boat 75.8 65.8 79.7 69.2
freesbiedog 71.6 81.4 83.2 78.1
helicopter 0.0 22.3 21.6 0.0
bull 81.8 82.1 90.2 74.7
deer 52.6 66.9 78.1 67.8
dog 28.1 43.6 53.4 59.7
sitcom 0.0 68.3 834 67.1
uavl 24.9 4.3 28.1 9.2
horseride 14.2 26.9 26.6 11.8
yamaha 86.8 95.6 97.2 93.7
sup 62.6 69.0 83.8 74.2
freestyle 86.6 93.0 70.8 91.3
Avg. 55.80 68.51 7291 68.81

As illustrated in Table 4.2, the proposed frameworks OSCDA (both without and
with CDQSS) and SACDA significantly outperform the COCO model [13], with
improvements of approximately 13%, 20%, and 14% in mAPO.5 scores across base
classes, respectively. Among these, OSCDA with CDQSS enabled achieves the highest
mAPO.5 scores overall but exhibits the lowest performance in two specific sequences:
longboard and freestyle. In these sequences, both versions of OSCDA (without
CDQSS) and SACDA demonstrate adequate and comparable performance, indicating
that the models are effectively adapting to the appearance of the target object in the

inference phase.
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OSCDA (w/ CDQSS)

Query shots chosen
by CDQSS

Figure 4.8 : Longboard-visual performance comparison between the OSCDA
without and with CDQSS.

We investigate the performance decrease caused by enabling the CDQSS module by
comparing the visual results and chosen query shots by CDQSS.

Figure 4.8 gives the visual comparison between the OSCDA framework without and
with CDQSS with the updated query shots chosen by CDQSS.

As seen in 4.8, the detection performance of the model highly depends on the query
shot selection capability of the CDQSS module. When the CDQSS accurately updates
the query shot, as seen in the leftmost column, the model can successfully detect the
target. However, if the CDQSS module fails to update the query shot effectively, the
model fails to detect the region most similar to the incorrectly selected latest query

shot, leading to errors as depicted in the second and third columns from the left.
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Figure 4.9 : Group2-visual performance comparison between the COCO model,
SACDA and OSCDA with CDQSS.

An interesting finding highlighted in Table 4.2 is that there are certain video sequences,
ballet and group2, where the SACDA framework significantly outperforms the
OSCDA (w/ CDQSS), deviating from the overall trend observed.

Figure 4.9 compares the visual results of the COCO model, SACDA, and OSCDA (w/
CDQSS).

As seen in Figure 4.9, this particular video sequence presents unique challenges
inherent to the video domain, such as the presence of objects similar to the target and
variations in the target’s rotation and scale. However, the SACDA model is capable
of adapting to these changes in scale and rotation across diverse video frames, even
against shifting backgrounds. In contrast, the provided COCO model or the OSCDA
(w/ CDQSS) framework can not show such a quick adaptation to the target in this

specific scenario.
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Table 4.3 : One-shot detection performance of the baseline and proposed methods on
the VOT-LT 2019 dataset for the novel classes of COCO split3 (nAPO.5).

. CoCco OSCDA OSCDA
VideoSeq- | 4el[13] (w0 CDQSS)  (w/CDQsSs) ~ SACDA
bird1 0.0 4.6 10.1 5.8
carl 12.2 42.4 51.4 39.2
car8 69.0 84.6 99.9 90.6
car9 20.4 30.2 52.5 472
car3 9.5 77.8 83.9 77.2
car6 80.3 85.4 88.6 83.9
carl6 81.3 83.1 99.6 71.7
carchase 3.2 34.7 31.1 17.4
f1 14.8 86.0 91.1 93.1
following 82.3 89.3 92.4 74.3
liverRun 434 73.0 81.8 7.1
nissan 50.7 55.8 73.7 65.6
parachute 61.5 69.9 84.6 71.6
volkswagen 66.3 18.7 45.6 44.0
Avg. 42.51 59.67 70.43 56.33

4.4.3.2 Performance analysis on novel classes

Table 4.3 shows the nAP0.5 scores of the COCO model [13], the proposed OSCDA
framework (both without and with the CDQSS module enabled), and our other
proposed method SACDA, across the 50 video sequences from the cross-video domain
dataset VOT-LT 2019 [16]. As illustrated in Table 4.3, the proposed frameworks
OSCDA (both without and with CDQSS) and SACDA significantly outperform the
COCO model [13], with improvements of approximately 17%, 28%, and 14% in
mAPO.5 scores across novel classes, respectively. On the other hand, both the baseline
model and the proposed methods show poorer nAP(.5 performance on the novel
classes (N), compared to the one on the base classes in Table 4.3. This degradation
is anticipated since the novel classes (N) are not included in the training phase, which
typically leads to a decrease in performance for these classes.

The proposed OSCDA with CDQSS significantly improves the BHLR’s performance
on two specific sequences, car3 and f1.

Figure 4.10 illustrates the visual performance comparison between the COCO model
and the proposed OSCDA (w/ CDQSS) framework. As discussed before, in the
video domain, the target desired to be detected in every frame of a video sequence

is introduced at the beginning of the sequence. The main motivation of this thesis is to
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OSCDA (w/ CDQSS)

Figure 4.10 : F1-visual performance comparison between the COCO model and
OSCDA with CDQSS.
enhance the baseline one-shot object detection model BHRL to enable BHRL to adapt
to the appearance of target objects using just a single shot. Figure 4.10 demonstrates
that the proposed OSCDA framework effectively adapts to the desired appearance of
the target object and consistently detects it across video frames, despite rapid changes

in the background, scene illumination, and the appearance of the target itself.

4.4.4 Performance analysis with VOC model

We evaluate the proposed framework OSDCA by initiating the VOC model. As
discussed in Section 4.4.1, we treat each target object in each sequence as a different
class and report the mAPQ.5 scores for each sequence individually. We also group the
video sequences as the base (B) and novel (N) according to target objects’ main classes

to report the performance across base and novel classes separately.
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Table 4.4 : One-shot detection performance of the baseline and proposed methods on
the VOT-LT 2019 dataset for the base classes of Pascal VOC (mAPO.5).

. vOoC OSCDA OSCDA
VideoSed- [ 0del[13]  (woCDQSS)  (w/CDQSS)  SACDA
bird1 0.0 52 5.9 11.7
carl 3.7 20.3 19.3 19.5
car8 71.1 772 94.8 80.9
car9 44 48.9 57.8 443
car3 0.2 66.6 69.8 75.1
car6 86.8 88.1 94.3 88.2
carlé 74.1 87.4 95.4 64.4
carchase 1.2 36.9 49.0 18.5
f1 194 94.1 95.3 94.0
following 87.0 86.8 94.3 88.9
liverRun 27.0 56.9 67.8 35
nissan 55.6 82.8 84.6 70.3
ballet 12.3 32.9 333 56.8
bikel 55.2 69.2 83.4 78.6
groupl 8.3 335 42.6 47.0
group2 9.7 19.3 25.0 29.5
group3 5.2 43.0 54.7 81.7
kitesurfing 58.1 76.3 79.0 52.9
longboard 62.3 79.2 80.9 79.6
tightrope 34.9 68.7 64.4 67.3
person2 66.6 91.9 97.4 73.9
persond 85.2 97.7 98.2 97.7
person5 100.0 100.0 100.0 100.0
person7 97.0 92.5 84.1 97.8
personl4 15.6 72.3 84.4 94.2
personl7 69.2 97.0 96.9 95.7
personl9 75.2 76.8 80.1 74.2
person20 64.6 65.3 78.3 68.7
bicycle 74.8 88.1 89.7 854
wingsuit 95.0 91.6 97.6 98.4
skiing 66.5 89.2 87.5 87.4
rollerman 90.4 97.2 971.7 96.5
warmup 23.2 40.7 47.3 41.2
boat 494 59.6 65.3 54.1
freesbiedog 37.5 78.3 76.4 71.4
dog 10.0 37.0 423 28.8
horseride 4.9 27.3 29.4 523
yamaha 78.7 93.2 89.3 89.1
sup 29.8 67.8 83.8 67.0
volkswagen 48.3 54.8 64.0 44.8
Avg. 46.5 67.29 71.8 66.8

4.4.4.1 Performance analysis on base classes

Table 4.4 shows the mAPO0.5 scores of the VOC model [13], the proposed OSCDA
framework (both without and with the CDQSS module enabled), and our other

proposed method SACDA, across the 50 video sequences from the cross-video domain

dataset VOT-LT 2019 [16].

As shown in Table 4.4, the proposed frameworks OSCDA (both without and
with CDQSS) and SACDA significantly outperform the VOC model [13], with
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Figure 4.11 : Bikel-visual performance comparison between the VOC model and

OSCDA with CDQSS.

improvements of approximately 21%, 25%, and 20% in mAPQ.5 scores across base

classes, respectively.

Among all sequences, there is a significant performance improvement of almost

30% on the bikel sequence between the VOC model and the proposed OSCDA (w/

CDQSS).

Figure 4.11 gives a visual performance comparison between the VOC model and the

proposed OSCDA (w/ CDQSS) framework.

As shown in Figure 4.11, the proposed OSCDA framework demonstrates robustness

against scale and orientation changes, as well as occlusions, which are significant

challenges in the video domain. A major challenge in the video domain, particularly

with the VOT-LT 2019 dataset, is the presence of multiple objects that closely resemble

each other. This similarity often causes the model to make inaccurate detections. As

seen in Figure 4.11, the proposed framework OSCDA overcomes these challenges,

whereas the VOC model makes inaccurate detections.

Another interesting observation is that the SACDA method outperforms the OSCDA

(w/ CDQSS) by 23% on ballet sequence. As discussed previously, the SACDA

framework shows better performance on certain sequences in contrast to the overall

trend.
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Figure 4.12 : Ballet-visual performance comparison between the VOC model and
OSCDA with CDQSS.

Figure 4.12 compares the visual performance of the VOC model, SACDA and OSCDA
(w/ CDQSS). As seen in Figure 4.12, the ballet sequence has notable challenges
that are specific to the video domain, such as varying light exposures and significant
changes in the target object’s scale. Notably, in the second column of Figure 4.12,
the OSCDA (w/ CDQSS) framework yields a lower confidence score compared to
SACDA, even though it successfully detects the target object. For specific video
sequences like ballet, group3, and horseride, the SACDA method consistently exhibits
a more robust performance compared to OSCDA (w/ CDQSS).

47



Table 4.5 : One-shot detection performance of the baseline and proposed methods on
the VOT-LT 2019 dataset for the novel classes of VOC (mAPO0.5).

vocC OSCDA OSCDA

VideoSeq- | del[13]  (woCDQSS)  (w/CDQSS) ~ SACDA
dragon 9.1 50.8 42.1 56.6
parachute 18.5 69.7 75.2 69.9
catl 46.3 69.0 87.1 72.1
cat2 32.8 59.08 69.4 358
helicopter 0.0 19.6 19.5 0.0
bull 69.3 78.1 824 71.6
deer 34.1 54.2 67.0 55.2
sitcom 0.0 81.2 834 59.9
uavl 10.2 252 322 24.9
freestyle 1.5 88.6 83.4 67.5
Avg. 22.2 59.62 64.23 51.3

4.4.4.2 Performance analysis on novel classes

Table 4.5 shows the nAP0.5 scores of the VOC model [13], the proposed OSCDA
framework (both without and with the CDQSS module enabled), and our other
proposed method SACDA, across the 50 video sequences from the cross-video domain
dataset VOT-LT 2019 [16]. As illustrated in Table 4.5, the proposed frameworks
OSCDA (both without and with CDQSS) and SACDA significantly outperform the
COCO model [13], with improvements of approximately 37%, 42%, and 29% in

mAPO.5 scores across novel classes, respectively.
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Figure 4.13 : Catl-visual performance comparison between the VOC model and
OSCDA with CDQSS.
One of the significant improvements is observed in the sequence catl. Figure 4.13
gives a visual performance comparison between the VOC model and the proposed
OSCDA (w/ CDQSS) framework. As seen in Figure 4.13, the video sequence presents
common challenges associated with the video domain, such as the presence of similar
objects in the scene and rapid changes in the scale and orientation of the target
object. These challenges are typically absent in the still-image domain, resulting in the
VOC model’s inability to effectively handle them. In contrast, the proposed OSCDA
framework enhances the VOC model’s capability, making it robust to these types of

challenges that arise due to the domain shift.
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4.5 Extensive Analysis

This section provides extensive analysis of the experiments and results. We first
evaluate the model performance on the VOT-LT 2019 dataset [16] without excluding
the frames in which the target object is absent. While this is an unconventional
approach for evaluating object detection models, it provides valuable insights into
the model’s performance in such scenarios, which is useful for future studies. For
clarification, we refer to these scenarios as "full sequences", whereas calling "filtered
sequences" to the ones we exclude the frames in which the target does not exist. in
the following sections. Following this analysis, we report the average number of
query shot updates performed with the proposed framework OSCDA (w/ CDQSS).
Subsequently, we delve into the online fine-tuning process, which is the cornerstone of
our proposed methods. Finally, we provide a visual comparison between the baseline

model [13] and the proposed framework OSCDA (w/ CDQSS).

4.5.1 Evaluation on full video sequences

Before evaluations have been conducted on the VOT-LT 2019 video sequences by
excluding the frames in which the target object is absent. We intentionally chose this
reporting method because OSOD model evaluations are typically conducted on images
where the target object is present. However, real video sequences include frames
without the target object, and we compare the performance of proposed methods on
sequences that include these frames as well. In this section, we divide the sequences
into two categories: those with target object exits-enters and those without. We
evaluate the proposed methods in both categories. Table 4.6 shows the mAPO0.5 results
of the methods on the sequences with target object exits-enters. As seen in Table
4.6, the OSCDA (w/ CDQSS) method shows a significant decrease compared to the

OSCDA (w/o CDQSS) on the sequences with target object exits-enters.
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Table 4.6 : Performance comparison on the sequences with target object exits-enters

(mAP0.5).
Video Seq. COCO Model OSCDA (w/o CDQSS) (W?ECD]();;S) SACDA
ballet 10.5 429 27.8 50.4
dragon 6.3 31.0 21.9 44.2
group2 26.0 453 45.5 63.9
group3 57.0 75.4 66.8 88.8
longboard 75.0 81.1 39.2 83.3
tightrope 221 64.0 26.9 63.8
person7 94.5 98.1 824 99.0
personl4 67.7 79.0 68.4 88.7
personl7 92.5 96.1 70.6 97.0
person19 53.3 70.4 68.7 66.9
bicycle 64.6 99.6 64.1 71.7
wingsuit 97.2 98.7 69.3 98.8
skiing 72.0 88.0 49.2 84.6
rollerman 90.2 88.3 43.5 94.8
warmup 24.6 274 30.9 27.6
catl 47.0 66.5 34.2 67.1
cat2 50.1 62.0 49.3 49.5
boat 75.8 65.8 52.0 69.2
freesbiedog 71.6 81.4 62.6 78.1
helicopter 0.0 22.3 35.8 0.0
bull 81.8 82.1 554 74.7
deer 52.6 66.9 29.7 67.8
dog 28.1 43.6 31.1 59.7
sitcom 0.0 68.3 36.3 67.1
uavl 24.9 4.3 21.8 9.2
horseride 14.2 26.9 28.8 11.8
yamaha 86.8 95.6 41.7 93.7
sup 62.6 69.0 61.1 74.2
freestyle 86.6 93.0 53.9 91.3
bird1 0.0 4.6 2.7 5.8
carl 12.2 42.4 42.7 39.2
carchase 3.2 34.7 21.7 17.4
f1 14.8 86.0 37.9 93.1
following 82.3 89.3 40.0 74.3
liverRun 43.4 73.0 30.3 7.1
nissan 50.7 55.8 53.4 65.6
parachute 61.5 69.9 43.0 71.6
volkswagen 66.3 18.7 31.6 44.0
Avg. 49.21 63.35 44.01 62.13

51



Table 4.7 : Performance comparison on the sequences without target object
exits-enters (mAPQ.5).

OSCDA

Video Seq. COCO Model OSCDA (w/o CDQSS) (w/ CDQSS) SACDA
bikel 42.6 66.3 71.7 72.8
groupl 17.7 44.2 51.5 5.1
carlé 81.3 83.1 99.6 71.7
car9 204 30.2 52.5 47.2
car8 69.0 84.6 99.9 90.6
car6 80.3 85.4 88.6 83.9
car3 9.5 77.8 83.9 77.2
person2( 70.8 68.6 98.6 73.8
person5 100.0 100.0 100.0 100.0
person4 95.7 96.2 97.5 95.1
person2 87.5 92.9 96.8 80.9
kitesurfing 58.2 76.5 84.7 514
Avg. 61.08 75.48 85.94 70.81

Table 4.7 compares the proposed methods on the sequences in which there the target
object never leaves the scene. As illustrated in Figures 4.6 and 4.7, the mAPO.5
performance of the OSCDA (w/ CDQSS) method is almost reduced by half when
evaluated on sequences where the target object exits and re-enters the scene, compared
to the ones where the target remains in the scene continuously. This is an expected
result since including the frames in which the target object does not exist in the
evaluation may lead the CDQSS module to choose one of these frames as the
updated query. In such scenarios, the model adapts to this appearance through online
unsupervised fine-tuning, leading to continued incorrect predictions in subsequent
frames.

Figure 4.14 illustrates the queries updated by CDQSS on full and filtered sequences.
As seen in Figure 4.14, the CDQSS module highly tends to update the query shot

incorrectly when using the full sequences compared to the filtered sequences.
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Updated shots on full sequences

Figure 4.14 : Comparison between the CDQSS query updates on full and filtered
sequences

4.5.2 Target updates

Table 4.8 illustrates the number of query shot updates performed by the CDQSS
module with the total number of video frames in each video sequence from the
VOT-LT 2019 dataset [16]. As expected, the frequency of query shot updates rises in
conjunction with an increase in the total number of video frames in the sequence. The
average number of query shots performed by the CDQSS is approximately 27, which
is a quite small number considering the average number of video frames across all
sequences 1s 3688. This result is encouraging as the number of query shot updates has
a direct impact on the computational cost associated with the fine-tuning process. The
OSCDA (w/ CDQSS) module carries out continuous unsupervised fine-tuning using

these updated query shots throughout the video sequence, making efficiency crucial.
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Table 4.8 : Number of shot updates across video sequences.
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Figure 4.15 : Losses.

4.5.3 Detail analysis of fine-tuning

In this section, we provide a detailed analysis of the proposed online unsupervised
fine-tuning process performed by the OSCDA (w/o CDQSS) module. For all the
fine-tuning experiments, we fine-tune the COCO model [13] with a batch size of 1
on a 1 GPU using the SGD optimizer with a learning rate that starts at 0.02 for 100
epochs.

Figure 4.15 illustrates the change in loss functions during the online fine-tuning,
initiated by the COCO model, which is performed with the initial query shot across
300 epochs.

As seen in Figure 4.15, the loss change is balanced after 100 epochs for both base B
(groupl and person4) and novel N (car8 and car9) classes. These results encouraged
us to fine-tune the provided models during 100 epochs in the experiments explained in

previous sections.
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Figure 4.16 : Heatmaps.

Heatmaps. We employ heatmaps to analyze and visualize the effectiveness of the
fine-tuning process, performed by initiating the COCO model, conducted with the
initial query shot of the corresponding sequence. By comparing heatmaps generated
before and after the fine-tuning process, we evaluate how the fine-tuning impacted the
model’s performance across different variables.

Figure 4.16 shows the heatmaps generated by the COCO model (coco split3 on the
left) and those created by the fine-tuned COCO model (fine-tuned coco split3 on the
right). These visual representations were based on the output scores of the model. Red

regions indicate the parts where the model has high confidence in object detection,
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whereas the blue regions denote areas of low confidence. In this scope, in Figure 4.16,
regions that turned from blue to red represent the regions where the model’s sensitivity
to detecting objects has improved.

As seen in Figure 4.16, in both base and novel classes, the model begins to focus
more on the target object following the fine-tuning process, indicating that it detects

the target object with a higher confidence score.

4.5.4 Visual results

In this section, we compare the visual performance of the COCO model and the
proposed framework OSCDA (w/ CDQSS) on challenging video sequences from the
VOT-LT 2019 dataset [16]. Figures 4.17, 4.18, 4.19 show the overall performance
comparison between the COCO model and the proposed OSCDA framework (w/
CDQSS).

OSCDA (w/ CDQSS)

Figure 4.17 : Car3-visual comparison between the COCO model and the proposed
OSCDA (w/ CDQSS).
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OSCDA (w/ CDQSS)

Figure 4.18 : Bikel-visual comparison between the COCO model and the proposed
OSCDA (w/ CDQSS).

COCO model

OSCDA (w/ CDQSS)

Figure 4.19 : Person19-visual comparison between the COCO model and the
proposed OSCDA (w/ CDQSS).
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S. CONCLUSIONS

In this thesis, our aim was to alleviate the performance degradation experienced
by OSOD models during cross-domain evaluation. Unlike previous studies, our
research specifically analyzes the domain shift challenges occurring between still
images and video domains, rather than across diverse still image domains. Initially,
we demonstrate the performance gap that OSOD models encounter in cross-domain
settings. Subsequently, we introduce a novel one-shot object detector, OSCDA,
which improves upon the existing OSOD model, BHRL [13], by incorporating
an online fine-tuning technique. The proposed method OSCDA alleviates the
performance degradation suffered by most one-shot object detectors due to domain
shifts between still images and video data. Our proposed method OSCDA achieves
SOTA performance across both novel and base classes within the video dataset
VOT-LT [16], effectively overcoming the challenges of domain shift in one-shot object
detection tasks. The proposed OSCDA method enhances the baseline BHRL model
pre-trained on the COCO dataset [15] by 17% and 28% in mAPO.5 scores on base
and novel classes, respectively. Moreover, the OSCDA outperforms the BHRL model
pre-trained on the Pascal VOC dataset [17] by 25% and 42% in mAPO.5 scores on base
and novel classes, respectively. These improvements demonstrate OSCDA’s robustness
and effectiveness in addressing domain shifts in one-shot object detection across still
image and video domains.

On the other hand, the proposed method OSCDA (w/ CDQSS) could not handle the
scenarios in which the target object is absent. Although such scenarios conventionally
are not included in the evaluation phase of the OSOD models, addressing this issue

is essential for enhancing the robustness of OSOD. Moreover, if this weakness can be
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handled, this study could serve as a foundation for transforming the baseline model

into a tracker in future research.
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