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Abstract

This thesis addresses the problem of unsupervised domain adaptation (UDA)
for the object detection and action recognition. UDA is a machine learning
technique that aims to minimize the domain shift between a source domain
(with labeled data) and a target domain (with unlabeled data). The main
goal is to develop a model capable of adapting to different scenarios, elim-
inating the need for resource-intensive data labeling and retraining, while
maximizing the performance on the target domain.

We investigate the UDA problem and explore its applications in object detec-
tion and action recognition. For object detection, we introduce two datasets
and propose novel architectures based on adversarial learning, self-training,
and image-to-image translation to learn domain-invariant representations
that can generalize across single or multiple target domains.

For action recognition, we analyze the ability of state-of-the-art methods to
generalize across first-person and third-person actions, identifying the most
efficient techniques for detecting actions from both point of view.

We conclude by discussing the limitations and future directions of UDA re-
search in computer vision tasks. We have publicly released the code of the
proposed algorithms and the datasets, facilitating further research in this

area.
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Chapter 1

Introduction

1.1 Motivation

Object detection and action recognition are fundamental tasks in computer
vision that play a crucial role in numerous applications, ranging from video
surveillance [1] and autonomous driving [2] to augmented reality [3] and
human-computer interaction [4]. With the increasing computational capabili-
ties of modern devices, including wearable devices and smartphones equipped
with powerful processors, the integration of object detection and action recog-
nition algorithms into various applications has become more accessible. This
integration empowers users with enhanced features and enables the extrac-
tion of valuable insights from visual data [5], [6], [7], [8].

However, the progress made in object detection and action recognition
models is often hindered by the expensive and time-consuming nature of
manual data labeling. The labor-intensive process of annotating datasets
with bounding boxes for object detection or labeling frames for action recog-
nition demands substantial resources in terms of both nancial costs and

time investments. To address this challenge, researchers have explored the
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(a) Training on synthetic images and testing on synthetic (left) and real (right) images.
The algorithm fails to detect the artwork in the real image, highlighting the challenge of

domain shift.

(b) Training on sunny images and testing on sunny (left) and foggy (right) images. The
detection results show incorrect bounding box predictions, pointing out the impact of

environmental variations on performance.

Figure 1.1: Qualitative examples of Faster RCNN. The blue box represents the
ground truth, while the red and green boxes indicate predictions. The red box
denotes wrong detection (object localization or classi cation), whereas the green

box represents correct detection.

use of tools that automatically generate large amounts of labeled synthetic
images [9], [10], [11]. These tools have the potential to signi cantly reduce
labeling costs. However, models trained on synthetic data often face a per-
formance gap when applied to real-world images (Figure 1.1a). This per-
formance degradation can be attributed to the domain shift between the

synthetic and real data, where models fail to generalize well due to the dis-

tribution disparities in real-world scenarios. This is primarily because super-



CHAPTER 1. INTRODUCTION 3

vised learning approaches typically assume that the test data (target domain)
and the labeled training data (source domain) adhere to the same underlying
distribution. In reality, the test data often exhibits a distribution shift from
the training data, even if the images are not synthetic. The domain shift
occurs due to variations in operating conditions and environmental factors
(Figure 1.1b), posing a signi cant challenge for many deep learning methods.
The distribution di erence between the source and target domains must be
addressed to achieve optimal performance in real-world scenarios.

To tackle these challenges, researchers have turned to domain adaptation
methods, a subset of transfer learning techniques [12] that o er a promising
solution. These approaches facilitate the transfer of knowledge from a source
domain to a closely related target domain. The key objective is aligning the
source and target distributions, thereby mitigating the need for extensive
labeled data in the target domain. Within this realm, Unsupervised Do-
main Adaptation (UDA) stands out as a speci ¢ subtype. UDA involves the
adaptation of a model from a labeled source domain to an unlabeled target
domain [13], [14].

This thesis aims to investigate the eld of unsupervised domain adaptation
for object detection and action recognition tasks. The primary research ob-
jective is to address the limitations of manual data labeling, explore tech-
niques to bridge the performance gap between synthetic and real data, and
develop novel algorithms and methodologies for UDA in these tasks.

For the object detection task, we created the UDA-CH (Unsupervised Do-
main Adaptation on Cultural Heritage) dataset, which consists of 16 art-
works. This dataset includes both synthetic images labeled automatically
using a tool and real images captured with Hololens and manually labeled.

State-of-the-art methods have been evaluated on this dataset, and as result,
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we introduce our algorithm named DA-RetinaNet, which achieves superior
performance on the UDA-CH and Cityscapes datasets. Furthermore, we have
addressed the challenge of unsupervised domain adaptation in the presence
of multiple target domains by extending the UDA-CH dataset introducing
manually labeled images acquired by a GoPro, and developing the (ST)MDA-
RetinaNet algorithm.

For the action recognition task, we have studied state-of-the-art algorithms
and their behavior for both rst-person and third-person actions. We con-
ducted a preliminary analysis emphasizing methodologies that yield better
recognition results for both types, aiming to enhance the performance and

applicability of action recognition algorithms in di erent scenarios.

1.2 Contributions

In summary, the main contributions of this thesis are:

1. We introduce the UDA-CH ! dataset and its extensior? to study, re-
spectively, the unsupervised domain adaptation and the unsupervised

multi-target domain adaptation for object detection.

2. We propose DA-RetinaNet® and (ST)MDA-RetinaNet * to address
the UDA problem for object detection in a single and multi-target

environment.

3. We conduct a preliminary study of UDA for action recognition focus-

ing on the methodologies that perform best for rst-person and third-

Lhitps:/fiplab.dmi.unict.itEGO-CH-OBJ-UDA/
2https://iplab.dmi.unict.it’OBJ-MDA/
3https://github.com/fpv-iplab/DA-RetinaNet
“4https://github.com/fpv-iplab/STMDA-RetinaNet
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person views. We analyze di erent approaches and presents insights

into their strengths and weaknesses.

This thesis draws on the research conducted and published/in progress during

the Ph.D., which includes the following works:

N

Journal paper:

G. Pasqualino, A. Furnari, G.M. Farinella, \A Multi Camera Unsu-

pervised Domain Adaptation Pipeline for Object Detection in Cultural
Sites through Adversarial Learning and Self-Training", Computer Vi-

sion and Image Understanding 2022 (CVIU) 2022

Journal paper:
G. Pasqualino, A. Furnari, G. Signorello, G.M. Farinella, \An Unsu-
pervised Domain Adaptation Scheme for Single-Stage Artwork Recog-

nition in Cultural Sites", Image and Vision Computing (IMAVIS), 2021

Conference paper:
G. Pasqualino, A. Furnari, G.M. Farinella, \Unsupervised Multi-camera
Domain Adaptation for Object Detection in Cultural Sites", Interna-

tional Conference on Image Analysis and Processing (ICIAP) 2022

Conference paper:
G. Pasqualino, A. Furnari, G. M. Farinella, \Unsupervised Domain
Adaptation for Object Detection in Cultural Sites", International Con-

ference on Pattern Recognition (ICPR), 2020

In progress:
G. Pasqualino, \Unsupervised Domain Adaptation for Action Recog-

nition: A Preliminary Study from First and Third-Person Views"
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1.3 Outline

The remainder of the thesis is organized as follows. In Chapter 2 we present
an overview of the foundational concepts and techniques that form the back-
ground for the research. We cover the fundamental principles of Unsupervised
Domain Adaptation, Object Detection and Action Recognition providing in-
sights into the existing literature and state-of-the-art approaches. In Chap-
ter 3 we delve into the study of unsupervised domain adaptation techniques
for object detection tasks. We explore various methods aimed to aligning
the distributions of source and target domains and introduce the UDA-CH
dataset and the DA-RetinaNet algorithm. In Chapter 4, building upon the
concepts of unsupervised domain adaptation, we focus on addressing the
UDA problem involving multiple target domains presenting the OBJ-MDA
multi-camera dataset and the (ST)MDA-RetinaNet algorithm. In Chapter 5
we investigate unsupervised domain adaptation technigues for action recogni-
tion tasks. We analyze methodologies for rst-person and third-person action
recognition, highlighting approaches that yield better recognition results for
both types of actions. Finally, in Chapter 6 we summarize the main ndings
and contributions of the thesis. We discuss the limitations of the proposed

methods and identify potential areas for future research.



Chapter 2

Background

This chapter provides a comprehensive background on the fundamental con-
cepts and techniques that form the basis of the research conducted in this
thesis. The aim is to establish a solid understanding of the key elements
related to unsupervised domain adaptation techniques and their application
for object detection and action recognition. By exploring the existing liter-
ature and state-of-the-art approaches in these elds, we lay the groundwork

for the advanced methodologies and approaches discussed in later chapters.

2.1 Unsupervised Domain Adaptation

Unsupervised Domain Adaptation is a technique that aims to improve the
performance of a model in the presence of a domain shift between the training
(source) and test (target) data. UDA methods leverage additional unlabeled
data from the target domain to reduce the domain shift and improve the
model's performance on the target test data.

Formally, the UDA problem can be de ned as follows: LeB = f(x2;yl)ghs,

be the set ofNs labeled images from the source domaidg, wherex{ indi-
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cates then'" source image and/? represents its corresponding annotation.
Let T = fxPg):, denote the set ofN, unlabeled images from the target do-
main Dy, where x{ represents then" target image. The goal is to learn a
function f : X ! Y that can accurately predict the labelsy; for target do-
main samplesx; using the labeled source domain datB4 and the unlabeled
target domain dataD:.

During the training procedure, the objective is to minimize the domain dis-
crepancy between the source and target domains while maximizing the clas-
si cation accuracy on the source domain. The loss function for UDA can be

formulated as follows:
minH(f;D )+  L(f;DsiDy) (2.1)

H (f; D ) denotes the source domain classi cation loss term, which measures
the accuracy on the source domairL; (f; D 5; D;) represents the domain dis-
crepancy loss term, which capture the di erence between the source and
target domains; is the trade-o parameter that controls the adaptation
loss and the classi cation. The speci ¢ form of the loss functions and the
adaptation mechanisms may vary depending on the UDA method and the
speci ¢ problem being addressed. For action recognition tasks, the focus is
on minimizing the standard Cross Entropy loss to accurately classify actions
while for the object detection, the loss functions are designed to handle both
classi cation and regression tasks associated with object bounding boxes.
At test time, the performance of the adapted model is evaluated on the
target test set to assess its ability to generalize to unseen target domain
samples. The structure and pipeline of the training and test processes for a
standard algorithm and a UDA algorithm are compared in Figure 2.1. In an
unsupervised domain adaptation setting, the task-speci ¢ models are mod-

i ed to use a source labeled dataset and a target unlabeled dataset during
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Figure 2.1: Comparison between the standard training and test pipeline and
the UDA pipeline for object detection. The blue box shows the standard training
procedure, where the object detector is trained on a source dataset and tested on
the target test set. The red box shows the UDA pipeline, which includes the use

of an unlabeled training target and the UDA components to reduce the domain

gap.

training. Additionally, one or multiple domain adaptation components are
integrated into the algorithms to reduce the domain shift.

Thanks to the ever-growing interest of the scienti c community in this prob-
lem, several techniques have been developed. The authors of [15], [16], [17]
proposed to minimize divergence quantities that can be measured between
source and target distributions. Minimizing these quantities allows the model
to extract features that are invariant with respect to the two domain distri-
butions. In particular, the authors of [17] proposed a method that aims to
minimize the intra-class discrepancy and maximize the inter-class discrep-
ancy. The authors of [15] exploited the MMD metric [18] in a CNN to reduce
the distribution mismatch. The model consists of two branches, one for each

domain, whose weights are not shared but lead equally to extract similar
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features from both domains minimizing the following loss:
L = LS+ l—t + LW + I—MMD (22)

Ls and L, are the standard classi cation lossed,,, and L yup represent two
regularizers that allow to extract invariant features from the two distribu-
tions. The rst represents the loss between the corresponding levels of the
two ows, the second encodes the MMD metric de ned as:

e X oqy

N s Nt
i=1 j=1

MMD ?(ff °g; ffg) =

(2.3)

Where () denotes feature mapping in a RKHS [19]f° and f! represent
respectively the features extracted from the last layers from the source and
target streams. The authors of [16] used the CORAL metrics [20] inside
a CNN to align the covariances of the source and target distributions by
minimizing:

Xt

L =Lcrass + iL coraL (2.4)
i=1

whereLcass IS the classi cation 10SS,Lcoral = ﬁjj Cs Cqjj2 is the loss
de ned as the distance between the covariance of the sourdes) and target
domain (C1), t is the number of layers with CORAL loss, is the weight
assigned to each of them.

Other works used the adversarial learning paradigm to align the distributions
of the features extracted by the models of the source and target domains. The
authors of [13] introduce a gradient reversal layer into a standard CNN to
align the distributions of source and target features using adversarial learn-
ing. Speci cally, the model they propose includes two components. The rst
one processes the input samples to solve the supervised task (e.g., classi -

cation). The second one is devoted to discriminate if the features extracted
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from the input sample belong to the source or target domain. The network
is trained to minimize the supervised loss of the rst component and the
discriminator loss of the second one. The gradient reversal layer, which im-
plements a minmax game similar to the one described in [21], is used to
invert the gradients of the discriminator multiplying them by when they
are used to update the parameters of the rst component. In this way, during

the backpropagation optimization pass the weights are update as follow:

e, @y
f f @ ) ) (2.5)
@—liy + @ (2.6)

f f @k @F

where is the learning rate,L is the classi cation loss and_g is the domain
classi cation loss. The authors of [14] propose a method based on two stages:
in the rst stage a CNN is trained on the source dataset. In the second stage
the weights of the CNN are adapted to extract domain-invariant features.
During the test phase, the weights obtained during the second stage are used
to extract the features, whereas the classi cation layers are obtained from
the network trained on the source domain. The authors of [22] proposed
a clustering based method to generate pseudo labels for the target domain,
than the method minimizes the discrepancy of the gradients generated by
the source and target images.

Image-to-image translation: The approaches outlined in the preced-
ing section operate at the feature level. However, when the images of the
source and target domains are visually di erent (e.g., color, style), an ef-
fective strategy for mitigating the domain gap is to employ image-to-image
translation techniques [23], [24], [25]. These techniques address di erences
at the pixel level, aiming to transform an image from the source domain

into one belonging to the target domain. Importantly, this transformation
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preserves content while adjusting style and color elements. When pairs of
images belonging to the source and target domains are available, a mapping
between the two domains can be learned exploiting a conditional adversar-
ial network [26]. The authors of [27] note that paired datasets are di cult

to obtain in practice and introduce a method that translates images from
a source domainX to a target domain Y in the absence of paired exam-
ples. As proposed in [27], the goal is to learn a functio® : X ! Y such
that the distribution of the transformed imagesG (X) is indistinguishable
from the distribution of Y. Since the translation between the two domains
should be consistent, an inverse mapping : Y ! X is introduced such
that F(G(X)) X . As discussed in previous works [28], [29], [30], the
algorithms just described can be used in combination with the previous de-
scribed domain adaptation techniques to deal with the domain gap. The
images belonging to the source domain can be translated into the target do-
main and subsequently used as training images. The resulting model can be
used directly on the target domain at test time. Vice versa, it is possible to
train the model on the source domain and translate the test images to the
source domain at inference time.

UDA in presence of multiple source or target domains: The do-
main adaptation problem typically considers a pair of source-target domains.
However, in real-world scenarios, there are multiple source and target do-
mains, necessitating algorithms to generalize across them. To address this,
researchers have explored a broader scope of the problem by examining dif-
ferent contexts. The rst context involves unsupervised domain adaptation
with multiple labeled source domains and only one unlabeled target domain.
In [31], the authors proposed a method based on the gradient reversal layer,

discriminating between allT arget Source, pairs, whered = 0;::;;D and D
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is the number of source domains. Another approach presented in [32] com-
prises three components: a feature extractor, a moment matching module,
and nal classi ers. These methods often require access to multiple labeled
source datasets, which may be available or easy to produce in certain cases.
The second context focuses on a more realistic scenario with a single source
domain and multiple target domains. Here, the presence of multiple target
domains simulates situations where di erent devices with distinct lenses and
image generation pipelines (IGP) produce diverse target domains. The au-
thors of [33] proposed a method based on an autoencoder which nds a latent
space which can capture domain invariant and domain dependent features
that can generalize over multiple target domains. The authors of [34] pre-
sented a method that extends the idea proposed by [14] replacing a binary
discrimination with a multi-class discrimination. The authors of [35] pro-
posed a method based on an iterative multi-teacher knowledge distillation

from multiple teachers to a common student.

2.2 Unsupervised Domain Adaptation for Ob-
ject Detection

Object detection represents one of the most signi cant challenges in computer
vision, which in recent years has found several applications in people's daily
lives [36], [37], [38]. In this section we brie y describe the object detector
algorithms and give more details on the UDA state-of-the-art algorithms for

object detection.
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Figure 2.2: The gure illustrates the fundamental architectures of two-stage
and one-stage detectors for object detection. (a) Two-stage detectors employ a
region proposal network to generate region proposals, which are then passed to
the classi er and regressor for further processing. (b) One-stage detectors operate
by directly predicting bounding boxes from the information contained in input

images, without the need for an intermediate proposal generation step.

2.2.1 Object Detection

Deep learning-based object detection algorithms can be divided into two main
categories according to their architecture (Figure 2.2): the algorithms be-
longing to the \two-stage" category, whose main representative are Faster R-
CNN [39], Cascade R-CNN [40] and Mask-RCNN [41], and those belonging to
the \single-stage" category such as RetinaNet [42], SSD [43] and YOLO [44].
The former category is known for its high accuracy in object recognition and
classi cation, while the latter category prioritizes computational e ciency
over precision. Two-stage algorithms follow a two-step approach. In the
rst stage, they propose potential bounding boxes that may contain objects.
Then, in the second stage, they perform classi cation and regression tasks
on these proposed bounding boxes. For example, Faster R-CNN consists of
a backbone network, a Region Proposal Network (RPN), ROI pooling, and
classi cation/regression modules. The backbone network extracts a feature

map from the input image, while the RPN generates region proposals using
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convolution and classi cation/regression operations. The ROI pooling layer
selects the corresponding regions on the feature map based on the generated
bounding boxes, and the classi cation/regression modules process these re-
gions to classify objects and re ne the bounding boxes.

On the other hand, single-stage algorithms like RetinaNet utilize a back-
bone network, a feature pyramid network (FPN), and classi cation/regres-
sion subnetworks. The backbone network extracts multiple feature maps of
varying resolutions. The FPN combines these feature maps to create a fea-
ture pyramid, enabling the detection of objects at di erent scales. The clas-
si cation/regression subnetworks operate on the feature pyramid to classify
objects and re ne their bounding boxes. This allows single-stage algorithms

to perform both tasks in a single forward pass, simplifying the overall process.

2.2.2 State-of-the-Art UDA Methods for Object De-

tection

Due to the crucial role of object detectors, researchers have sought to address
the unsupervised domain adaptation challenge in the context of object detec-
tion. This entails introducing novel methodologies or adapting existing ones,
initially designed for classi cation tasks and discussed in the UDA section.
The authors of [45] present DA-Faster RCNN, a custom version of a Faster
RCNN [39] that includes two modules: the rst one aligns the features of the
entire input (i.e., at the image level), the second module aligns the features
before they are used for classi cation and regression (i.e. at the instance
level). The authors of [29] propose to adapt source and target domains ex-
ploiting both high-and low-level features. The authors of [46] propose an

architecture similar to the one presented in [45], but they add more discrim-
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inators with a gradient reversal layer to the Faster-RCNN backbone. The
authors of [47] propose a framework to align the source and target domains
at the level of image regions extracted from the \region proposal network"
of a Faster-RCNN. This architecture has two main components: 1) region
mining, which extracts the regions of interest from the source and target
images, groups them and selects the most important regions containing the
objects; 2) the region level alignment, which learns to align the patches of
the reconstructed images starting from the features selected by the previous
module through adversarial learning. The authors of [30] presented an ap-
proach composed of two stages: 1) a domain diversi cation stage where the
distribution of the labeled data is diversi ed by generating various distinctive
domains shifted from the source domain using image to image techniques;
2) multi-domain-invariant representation learning, where adversarial learn-
ing is applied with a multi-domain discriminator to encourage feature to be
indistinguishable across domains. The authors of [48] proposed to translate
images from the source domain into the target domain using CycleGAN and
trained an object detector using a self-training procedure to create pseudo
label for the target dataset. The authors of [49] introduced in a SSD architec-
ture a novel self-training method called weak self-training (WST) combined
with the adversarial background score regularization (BSR) to prevent the
degeneration of the performance due to incorrect pseudo label obtained us-
ing a naive approach reducing the amount of false negative and positive
detections. The authors of [50] presented a framework which combines inter-
mediate domains to progressively adapt feature alignment for object detec-
tion and a weighted task loss which weights the samples in the intermediate
domain. The authors of [51] presented a method based on SSD which is

divided in three steps: in the rst step the SSD detector is pretrained using
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the source images; in the second step the source images are converted to real
with CycleGAN; in the third step SSD is trained using the converted source
images, the target images and using the weak self-training method proposed
by [49]. The authors of [52] proposed a Implicit Instance-Invariant Network
(I 3Net), a single stage object detector which adapt the source and the target
domain considering: 1) a strategy to assign large weights to those sample-
scarce categories and easy-to-adapt samples considering the intra-class and
intra-domain variation, 2) a module to suppress uninformative background
features boosting the foreground object matching, 3) a module that align
the category at di erent domain specic layers and regularize the average
prediction of di erent layer respect to the same category. The authors of [53]
introduced a generic approach based on an attention mechanism which al-
lows to detect the important regions of the feature map extracted from the
backbone on which adaptation should focus. The authors of [54] proposed a
method which works at image and instance level aligning the two distribu-
tions so that well-aligned and poor-aligned samples are adaptively weighted
based on the uncertainty of each sample. The authors of [55] presented
a feature alignment method based on Faster RCNN which consist of three
modules: 1) a global discriminator which align the feature extracted from
the backbone; 2) category wise discriminators which aligns the features of
each class belonging to the source and the target domains; 3) a memory
guided attention mechanism which aids the category-wise discriminators to

align category speci c features between the two domains.
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2.3 Unsupervised Domain Adaptation for Ac-

tion Recognition

2.3.1 Action Recognition

Action recognition problem represents one of the most di cult task in Com-
puter Vision. Unlike other tasks such as classi cation, object detection and
segmentation, accurately classifying an action requires considering the space-
time coordinates and capturing correlations between features extracted from
consecutive frames. Additionally, actions can be analyzed from both a third-
person and rst-person perspective, increasing the complexity of the problem.
Given the wide range of approaches that have been developed to tackle this
problem, action recognition algorithms can be categorized into the following
categories:

2D CNNs: These algorithms capture temporal information by aggregat-
ing frame-level features into a compact representation exploiting 2D convo-
lutions. One popular approach is to process each frame independently using
a 2D CNN and then employ techniques like pooling predictions across the
entire video or utilizing recurrent neural networks like LSTM to model tem-
poral dependencies ([56], [57], [58], [59]). These methods are computationally
e cient but may struggle with capturing long-term temporal dependencies
and modeling complex motion patterns.

3D CNNs: These algorithms leverage 3D convolutions to directly pro-
cess video frames and capture spatio-temporal information. By extending
2D convolutions to the temporal dimension, 3D CNNs create a hierarchical
representation of spatio-temporal data capturing both appearance and mo-
tion cues. These methods have shown promising results in action recognition
tasks ([60], [61], [62], [63], [64], [65], [66]). They can be computationally
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demanding and require a large amount of training data.

Transformers: Inspired by Transformers [67] and Vision Transformers
(VIT) [68], researchers have adapted these architectures for action recognition
tasks. Transformers excel in capturing long-range dependencies and modeling
interactions between di erent frames in the video. They utilize self-attention
mechanisms to e ectively capture complex temporal relationships. These
methods, such as [69], [70], [71], [72], [73], have demonstrated competitive

performance in action recognition.

2.3.2 State-of-the-Art UDA Methods for Action Recog-

nition
The challenging problem of unsupervised domain adaptation for action recog-
nition has been addressed in recent years by an increasing number of works
due to the several possible applications it nds in real-world scenarios. The
authors of [74] presented a method that creates a subspace representation of
the source and target domains and applies SA ([75]) or GFK ([76]) domain
adaptation methods to perform sequence of adaptations for the video clips.
The authors of [77] introduced TAN which utilizes a temporal relation mod-
ule to align the source and target domains and learn the temporal relation
across video sequences. The authors of [78] presented an Adversarial Bi-
partite Graph (ABG) framework. This framework learns a domain-agnostic
video classi er by treating the features extracted by the convolutional lay-
ers as a Bipartite Graph and uses the adversarial learning paradigm to align
class-conditional distributions. The authors of [79] proposed a self-supervised
predictive method for video domain adaptation. It aims to predict the clip
order using an adversarial loss. The authors of [80] presented CoMix which

combines temporal contrastive learning, background mixing and supervised
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contrastive learning through the use of pseudo target labels. The authors
of [81] presented MAL-TD which performs multi-level alignments from low
level (frame), to middle levels (segment), and high level (video). The authors
of [82] proposed C®A, an approach for UDA that utilizes a contrastive loss
for domain alignment and incorporates a classi cation and a contrastive head
to stabilize training. The authors of [83] presented a novel approach that
combines transformers with a novel alignment loss derived from the Informa-
tion Bottleneck principle ([84], [85]). The authors of [86] proposed TCoN,
a deep architecture integrating a crossdomain attention module in order to
focus on shared key frames between source and target domains. The au-
thors of [87] proposed MM-SADA which combines the adversarial learning
paradigm with a self-supervision alignment classi er and learns a temporal
correspondence between modalities across source and target features to en-
hance the feature generality in both domains. The authors of [88] presented
a framework that performs unsupervised domain adaptation in two parts. It
includes a spatio-temporal contrastive learning framework for self-supervised
learning and a video-based contrastive distance metric to mitigate domain
shift. The authors of [89] introduced a multimodal framework based on con-
trastive learning which jointly adapts cross-modal and cross-domain feature
between source and target domains. The authors of [90] presented an audio
adaptive encoder that, starting from the adaptation of the sound of the ac-
tions, guides the visual features to be invariant respect the source and target
domains. The authors of [91] presented RNA-Net which utilizes RGB and
audio information simultaneously and employs a novel feature-level loss to
balance the contributions of the two modalities. The authors [92] presented
a multi-modal methods that shares the knowledge between modalities inte-

grating missing information of a speci ¢ modality exploiting the adversarial



CHAPTER 2. BACKGROUND 21

learning paradigm and the complementary and spatial consensus modules to

align the source and target domain.



Chapter 3

Unsupervised Domain
Adaptation for Object

Detection

3.1 Introduction

In this chapter, we investigate the use of unsupervised domain adaptation
techniques for artwork detection. Speci cally, we consider a scenario in which
large quantities of labeled synthetic images are available, whereas only un-
labeled real images can be used at training time. The synthetic images can
be easily obtained starting from a 3D model of the cultural site acquired
with a 3D scanner such as Matterport: and using the tool proposed in [9]
to automatically generate the labeled data. The real unlabeled images can
be easily collected visiting the cultural site acquiring videos with a wearable
camera. Note that, since no manual labeling is required for the real im-

ages in the unsupervised settings, this procedure has a low cost. We hence

Lhttps://matterport.com/

22



CHAPTER 3. UDA FOR OBJECT DETECTION 23

aim to train the object detection models using labeled synthetic images and
real unlabeled images. To the best of our knowledge, there are not publicly
available datasets to study domain adaptation for artwork detection in cul-
tural sites. Therefore we collect and publicly release a suitable one which we
name UDA-CH (Unsupervised Domain Adaptation on Cultural Heritage).
We hence study the main unsupervised domain adaptation techniques for
object detection on UDA-CH: 1) image-to-image translation and 2) feature
alignment. We compare the performance of two popular object detection
approaches, Faster R-CNN [39] and RetinaNet [42]. Since in our study Reti-
naNet obtained results more robust to the domain gap than Faster-RCNN,
we propose a novel approach which combines feature alignment techniques
based on adversarial learning [13] for unsupervised domain adaptation with
the RetinaNet architecture. Our experiments show that the proposed ap-
proach greatly outperforms prior art. When combined with image to image
translation, our method achieves a mAP of 581% on real data without
seeing a single labeled real images at training time. To better demonstrate
the e ectiveness of the proposed method, we have also tested the general-
ization of the approach in urban scenario exploiting the popular Cityscapes
dataset [93], [94].

3.2 Methods

We compare several approaches to unsupervised domain adaptation for ob-
ject detection. Speci cally we considered the following: 1) a baseline object
detector without adaptation, 2) domain adaptation through image-to-image
translation, 3) domain adaptation through feature alignment, 4) the proposed

method based on RetinaNet and feature alignment and 5) approaches com-
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Figure 3.1: We used 3 di erent pipelines: (a) training and testing on the synthetic
domain, (b) training and testing on the real domain, (c) training using synthetic

images and testing on real images.

bining feature alignment and image-to-image translation. In the following

section, we give details on all the compared approaches.

3.2.1 Baseline approaches without adaptation

To assess performance in the absence of domain shift, we train and test
Faster RCNN and RetinaNet on the same domain (either synthetic or real

images), as illustrated in Figure 3.1(a) and Figure 3.1(b). We also consider a
model trained on synthetic images and tested directly on real test images, as
illustrated in Figure 3.1(c). These methods allow to assess the gap between

the two domains.
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Figure 3.2: (a) Pipeline used to train models on synthetic images transformed
to real with test performed on real images. (b) Pipeline used to train models on

synthetic images with test performed on real images transformed to synthetic.

3.2.2 Domain adaptation through image-to-image trans-

lation

Transforming images from synthetic to real and vice versa is a common way
to reduce the domain gap. In particular, we use CycleGAN [27] to transform
images from one domain to another. We compare two approaches: 1) trans-
lating synthetic images to real, training Faster RCNN and RetinaNet on the
transformed images and testing the two detectors with real images. This
approach is illustrated in Figure 3.2(a); 2) translating real test images to
synthetic, testing the two models that were previously trained on synthetic

images as illustrated in Figure 3.2(b).

3.2.3 Domain adaptation through feature alignment

We consider DA-Faster-RCNN [45] and Strong-Weak [29] and compare their
results with our method DA-RetinaNet described in the next subsection. All
these methods use synthetic labeled images and unlabeled real images for

training as shown in Figure 3.3.



CHAPTER 3. UDA FOR OBJECT DETECTION 26

Figure 3.3: Pipeline used to train models based on feature alignment.

Figure 3.4: Architecture of the proposed DA-RetinaNet.

3.2.4 Proposed Method: DA-RetinaNet

The proposed method is based on RetinaNet architecture [42] and it is illus-
trated in Figure 3.4. At each level of the feature pyramid map@s, C4 and
Cs) in the ResNet backbone, we add a discriminatoi)s, D 4, Ds) with a Gra-
dient Reversal Layer. The three discriminators have di erent architectures:
D3 has 3 convolutional layers with a kernel size of 1 and ReLU as activation
function; D4 has 3 convolutional layers with kernel size of 3 followed by batch
normalization, ReLU and Dropout. At the end of the last convolutional layer

there is a fully connected layerDs has 3 convolutional layers with kernel size
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Figure 3.5: Pipeline used to combine feature alignment and image to image

translation from synthetic to real techniques.

of 3 followed by batch normalization, ReLU and Dropout. After the convo-
lutional layer there are 2 fully connected layers. Our idea follows [13], thus

we train our model to minimize the cost function:
L = Lgass + Lpox (LD3+ Lpa+ I—DS) (31)

where L ass 1S the sum of the losses of each classi cation subnet module,
Lbox is the sum of the losses of each regression subnet module. Their sum
represent the standard RetinaNet lossLps; Lp4; Lps are the losses of each
discriminator module and each of them is given byp, = 3(Lp,, + Lp,, )
wherelLp, andLp,, are respectively the losses computed by the discrimina-
tors when receive in input respectively synthetic and real images and de ned
using the Focal loss [42]. is the hyperparameter that balances RetinaNet

and discriminators losses.

3.2.5 Domain adaptation through feature alignment

and image to image translation

We combine the feature alignment techniques presented in Section 3.2.3 and
Section 3.2.4 with image-to-image translation. This approach is similar to
CyCADA proposed in [28] with the di erence that we consider state-of-art

feature alignment methods to perform the adaptation. We combine these
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Figure 3.6: Pipeline used to combine feature alignment and image to image

translation from real to synthetic techniques.

techniques in two ways: 1) transforming synthetic labeled images to real, then
training feature-alignment-based architectures using transformed labeled and
real unlabeled images (Figure 3.5); 2) transforming real unlabeled images to
synthetic, then training feature alignment based architecture using synthetic
labeled and transformed unlabeled images and testing on real images trans-

formed to synthetic (Figure 3.6).

3.3 Experimental Settings and Results

This section presents the proposed dataset, reports and analyze the results
of the methods presented in the previous section and discusses the computa-

tional resources required to train all the models.

3.3.1 Dataset

The proposed dataset [95] contains 16 objects that cover a variety of artworks
which can be found in a museum like sculptures, paintings and books. Specif-
ically, the dataset has been collected inside the cultural site \Galleria Re-
gionale di Palazzo Bellomo" located in Siracusa, Itafy We generated 75244

synthetic labeled images, we have used a 3D model of the museum acquired

Zhttp://www.regione.sicilia.it/beniculturali/palazzobellomo/
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