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Abstract

A Fashion image generation engine is a project that specializes in enhancing

writing and elucidating concepts by providing visual representations that align with

the associated text or idea. However, translating drawings into effective visual repre-

sentations can often appear as a particularly challenging task, and to my knowledge,

there are no similar techniques or tools available in the market that encompass the

same combination of capabilities and benefits to assist designers in accelerating cre-

ation. This tool aims not only to generate novel concepts for designers but also

to ignite inspiration. Simultaneously, the engine seeks to enhance the efficiency of

AIGC tools and bring new trends to the academic field.

In the present scenario, deep learning networks have made significant strides in

various domains, including traditional object detection, object segmentation, image

pose transformation, and text generation models. However, when it comes to apply-

ing these advanced technologies in the field of fashion, it poses unique and complex

challenges since the scenario is different. Currently, research efforts in the field of

image-to-image translation have primarily focused on translating the details and ap-

pearances of objects. However, there is insufficient research dedicated to translating

painting styles, with limited ability to preserve the essence of the style translation.

Additionally, when it comes to uninformative images such as illustrations, conduct-

ing effective translation using existing methods remains a challenging task. The

designing process includes several key steps such as ideation, sketching, refinement,

and more. During this process, the illustrator faces the challenge of finding creative

solutions to effectively simplify or visually communicate complex ideas. Addition-

ally, illustration work often operates under tight deadlines, making efficient time

management while maintaining high-quality output a challenge for illustrators.

i



This thesis aims to develop an intelligent fashion image generation system to

overcome the aforementioned limitations. First, an automatic drawing image gener-

ation engine referencing tops and bottoms is proposed. The engine is combined with

a deep neural network focused on keypoint detection and clothing segmentation, en-

abling effective and quick pixel-level clothing mapping. Keypoint mapping between

the detected clothing and the model enables true virtual try-on. Additionally, with

the assistance of the segmentation model, the garment can be better fitted on the

model when the front and back pieces of the clothing are presented as separate

elements.

Secondly, a novel pipeline of drawings-to-images-to-illustrations generation is

proposed to spark the inspiration of creation. A state-of-the-art generation model

is applied to generate images with the reference of the generated drawing images.

In detail, the boundary of the drawing images is extracted as a conditional im-

age, and the generated model combines the extracted conditional image with the

drawing image to generate product images in the real domain. Face refinement will

be applied to adjust the flaws in the face part of the generated image in the sec-

ond stage. Additionally, a novel fashion image-to-image generation method named

Uni-Duallora is proposed, which optimizes generative capabilities and reduces the

number of additional parameters required, to obtain illustrative images.

Thirdly, a novel method is introduced to achieve pose-guided runway image

generation. This method leverages the advantages of attention and affine transfor-

mation operations, while introducing a novel confidence map in the attention oper-

ation to enhance the performance of the image synthesis. The hierarchical structure

is applied to generate the final runway image with the conditioned pose.

The contributions of this thesis lie in developing and advancing an intelligent

fashion image generation engine. This comprehensive framework not only stream-

lines the workflow for professionals but also provides a well of inspiration. Simultane-

ously, its objective is to broaden the design enjoyment realm to individuals without

specialized expertise. This thesis also proposes a comprehensive survey on human

pose transfer, including its limitations, and provides insights for further exploration.
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Chapter 1

Introduction

1.1 Research Background

The fashion industry is one of the largest and most influential sectors globally,

generating trillions of dollars in revenue each year [6]. Beyond its economic impact,

fashion is an art form allowing individuals to express their identity. For brand de-

signers and industry professionals, creating new outfits serves as a medium to convey

both personal and brand philosophies and values. However, digital illustration tools

present both new opportunities and challenges for designers and brands [224]. On

the one hand, it is widely held that within the process of fashion design, the integra-

tion of computational tools has the potential to alleviate the pressures and burdens

encountered during creation [225]. On the other hand, the potentially complex op-

erational procedures may significantly increase the learning curve for brands and

designers.

To address these opportunities and challenges, integrating AI into design and

production tools has emerged as a pressing need with significant market potential.

As shown in the Figure 1.1, the current projected market input is expected to reach

$770.9 billion , with an annual growth rate of 8.94%, resulting in a projected market

volume of $1,183 billion by 2029. Additionally, the number of users in the fashion

market is expected to reach 2.8 billion by 2029. User penetration is projected to be

33.3% in 2024 and is anticipated to increase to 37.8% by 2029.
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2023 2024 20292025 2026 2027 2028

118.30
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Apparel
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Figure 1.1: The market size of fashion grow with projected to reach $1,183 billion

by 2029, with an annual growth rate of 8.94%.

With the advent of the AI era, novel AI capabilities have the potential to inject

new vitality into traditional design paradigms. AI is a multimodal field that spans

areas such as computer vision and natural language processing and human-computer

interaction [14]. Currently, fashion design research topics can be categorized into

two main areas:

1. Image Attribute Analysis: This encompasses several aspects, including

Attribute Recognition [222, 16, 191], which extracts fashion attributes from

given fashion items. Fashion Parsing Analysis [39, 150, 182], which involves

segmenting elements such as clothing, trousers, and human bodies with dif-

ferent labels. Landmark Detection [112, 113, 191] where the objective of the

deep network is to locate the positions of key points defined on garments.

2. Image Generation: This area includes techniques such as style transfer [158,

15]. It also involves appearance and pose-guided image generation [69, 104],

which generates images while preserving the target person and their desired

postures. Additionally, human image animation [70] assists designers in better

showcasing their expressions.
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1.1. Research Background

Homepage of Clo3D Adobe Photoshop interface

Figure 1.2: Leading digital fashion design tools: Adobe Photoshop and Clo3D plat-

forms.

Among the existing digital tools, Adobe software (such as Adobe Illustrator and

Photoshop) and 3D garment simulation platforms like Clo3D shown in Figure 1.2

have become widely adopted in the fashion industry. These tools offer significant

advantages: Adobe provides powerful vector and raster editing capabilities, enabling

designers to create detailed sketches and manipulate images with high precision.

Clo3D, on the other hand, allows for realistic 3D garment visualization, virtual

fitting, and fabric simulation, which greatly enhances the efficiency of prototyping

and reduces the need for physical samples.

However, both Adobe and Clo3D present notable limitations. Adobe tools

require substantial manual effort and a steep learning curve, making the design

process time-consuming and less accessible for beginners. Clo3D, while effective

for 3D visualization, often demands high computational resources and specialized

expertise. Interviews are conducted with professional fashion designers regarding

their current design workflows. These discussions revealed that existing commercial

software, while powerful, still demands significant time investment for basic design

tasks. More importantly, neither platform offers automated solutions for integrat-

ing AI-driven content generation, such as automatic sketch creation, style transfer,

or pose-guided image synthesis. This gap highlights the need for intelligent sys-

tems that can bridge the divide between traditional design workflows and advanced

AI capabilities, ultimately empowering designers with more efficient and creative

tools.Specifically, the primary aim is to develop an automated hand-drawing sketch

generation engine, enabling designers to swiftly and accurately generate sketches
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without the need for manual intervention. The second objective involves creating

an image-to-image translation model capable of transforming uninformative images,

like runway images or illustrations, into diverse styles. Lastly, the third model fo-

cuses on achieving pose-guided human image translation not only in the real image

domain but also in illustrations and hand-drawing sketches, enhancing productivity

by automatically generating images from various viewpoints. These three directions

will be further expounded upon in the following paragraph.

1.1.1 Fashion Image Generation Modeling

Currently, tasks involving hand-drawing primarily rely on manual methods, of-

ten employing tools like Adobe software, to achieve the final sketch. However, this

approach is both time-consuming and labor-intensive. In the current landscape, deep

learning techniques have the capacity to acquire low-dimensional information like

landmarks from clothing. Some methods [113, 196, 35, 135, 13, 36, 12, 86, 191, 93]

focus on landmark detection to better analyze clothing in low-level visual features.

Other methods [208, 24, 189, 167, 222, 4, 204, 1, 131] analyze the attributes and

parsing images of the clothing to obtain high-level information. However, Up until

the present moment, a methodology for the automated generation of hand-drawn

sketches applying the acquired keypoints and segmentation from deep learning mod-

els remains conspicuously absent.

1.1.2 Fashion Image Style Translation Modeling

The task of fashion image-to-image translation involves the transformation of

an input image from one visual domain to another. This intricate process aims to

create a meaningful relationship between the source and target domains shown in

Figure 1.3, ensuring that crucial perceptual features are retained while converting

the image’s overall appearance. As one of the most prominent directions within the

realm of generative models, several methods [62, 107, 219, 218] have focused on this

area and achieved remarkably impressive outcomes. The task of fashion image-to-

image translation can generally be roughly categorized into two approaches: one
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Original Illustrative

Figure 1.3: Images synthesized by combining a source image with varying style

strengths. Generated images progressively carry the illustrative style.

relies on GAN-based approaches [138, 73, 74], while the other employs Diffusion-

based methods [49, 127] for image generation. For the GAN-based approach, re-

cently several methods [146, 132] are proposed to translate images from domain A

to domain B. They achieved commendable image quality by preserving the origi-

nal image’s appearance information, while also capturing the style or semantics of

target information. For Diffusion-based methods, several laboratories [176, 134, 88]

have introduced innovative models to address this task. For diffusion-based ap-

proaches, there is an enhancement in the quality of generated images, coupled with

an augmentation in the presence of more pronounced semantic information. How-

ever, fashion illustration translation represents a task within the realm of fashion

image-to-image translation, characterized by its distinct attribute of having limited

available information and demanding a high degree of precision. Certain existing

methods have demonstrated limitations in achieving satisfactory outcomes in this

particular context.
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Reference Image Target Poses Synthesized Images

Figure 1.4: The Illustration of appearance and pose-guided human image generation.

The generator synthesizes images with texture details of the reference image and

pose style of the target image. Samples are from Ren et al. [144]

1.1.3 Fashion Pose-Guided Image Transferring Modeling

Fashion Pose Transfer has attracted substantial research attention due to its

expansive potential applications, encompassing domains such as virtual fitting and

video animation.

The primary objective of full-body pose-based generation is to synthesize real-

istic images or videos based on reference images and specific target requirements,

which is show in Figure 1.4. Leveraging the powerful image generation capabili-

ties of VAEs [79] and GANs [40], human image generation has achieved remarkable

results. For instance, InsetGAN [31] and StyleGAN-Human [32] produce human

images with unconditional appearance and texture details. Recently, diffusion mod-

els [49, 165] have emerged as state-of-the-art in synthesis results both qualitatively

and quantitatively. Images synthesized using Stable Diffusion [148], Imagen [153],

and DALLE·2 [140] achieve high-quality performance with intricate details, gaining

significant attention in both research and commercial fields. However, the appear-

ance and pose-guided human generation task is more challenging than unsupervised

or naive text-driven image generation. Specifically, in a conditional human genera-

tion, the main focuses are: 1) achieving realistic image generation and 2) ensuring

semantic correctness when applying for pose transfer. Moreover, human video ani-

mation poses further challenges, requiring maintaining semantic consistency, spatial
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coherence, and temporal coherence. This novel deep learning-based function holds

great potential for practical applications. Appearance and pose-guided human im-

age and video generation find suitability in various scenarios, such as video creation,

virtual try-on, and fitting with different poses. Several approaches, namely Top-

down, Bottom-up, Hybrid, and Diffusion-based approaches focus on this challeng-

ing task. Generally speaking, Top-down methods proposed in recent years primarily

involve directly transferring the target pose to the reference image. However, this

direct transfer using a naive encoder-decoder network presents challenges in pre-

serving identities, as delicate image details such as faces and clothing might not be

accurately preserved. Therefore, two possible solutions are adding additional loss

functions to constrain the final generation and designing efficient feature extractors.

Bottom-up methods, proposed in the past two years, have effectively applied spa-

tial transferring during generation. However, methods that utilize feature extraction

and guidance incur higher computational costs due to the presence of extra encoders

and spatial transform models within the network. The Hybrid model combines the

concepts of both Top-down and Bottom-up to achieve accurate appearance trans-

fer while preserving details, but optimizing the parameters of the entire network

remains challenging [144]. Meanwhile, Diffusion-based models [17] have shown the

ability to generate real-class images, but the computational cost is extremely high

as it requires multiple steps for generating each sample during inference. In general,

obtaining high-quality generated images and a compact transfer network size proves

challenging, as it involves a trade-off between image quality and computational ef-

ficiency.

However, these methods achieve good performance in pose images with pure

background, they are limited to pose transfer in sketch-based datasets and illustration-

based datasets since images in these two datasets are more abstract and uninforma-

tive. Thus the details and appearance are easily lost when transferring.
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Figure 1.5: The processing framework of the intelligent fashion image generation

engine.

1.2 Research Objectives

Despite the notable achievements AI has made in the realm of generative tasks,

the application of AI for customized generation within the fashion domain has re-

mained somewhat overlooked. This discrepancy can be attributed to the existing gap

in communication and collaboration between experts in computer science and those

in the field of fashion. The intricate nature of fashion, with its fusion of aesthetics,

style, and functionality, demands a nuanced understanding that may not always be

readily comprehensible to those without a background in the domain. This gap in

communication results in a mismatch between the capabilities of AI systems and the

actual requirements of fashion-related generative tasks. While computer scientists

and AI researchers may excel at developing sophisticated algorithms, they might not

fully grasp the intricacies of fashion design, leading to a lack of contextual accuracy

and authenticity in the generated outputs. Therefore, the research focus centers on

cultivating a deeper understanding of the intricate symbiosis between AI technology

and the fashion domain, emphasizing the need for interdisciplinary collaboration to

unlock the full potential of AI in fashion-related generative tasks. The aims of the

task could be summarized in above the analysis:

1) Develop an automated hand-drawing sketch generation engine suitable for
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the design scenario, adapting to the proportion of clothing and models. This engine

not only frees designers’ hands but also accelerates their efficiency.

2) Build a model that can transform real images and hand-drawing sketches

(whether it’s from runway shows or posed poses) into illustrations that reflect the

designer’s style, aiming to enhance designers’ efficiency and inspire them with more

creativity.

3) Obtain a powerful generation model that generates real images or illustra-

tions with different viewpoints while preserving the human body and clothing at-

tributes and generating images with new poses based on specific configurations.

With this model, designers can evaluate the effect of current clothing from differ-

ent angles, providing them with more information and improving their workflow

efficiency.

The structure of the intelligent fashion image generation system is depicted in

Figure 1.5. The overall framework of fashion image generation system is illustrated

in 3. For hand-drawing sketch image generation 4, two main research objectives

are: implementing a landmark keypoint detection model and developing a fashion

segmentation network. The empirical practice of uninformative image style trans-

ferring is defined in the second part of 4. The methods used for style transfer

(illustrated in Chapter 4 and 5) and pose-guided human image transfer (chapter 6)

will be covered in the subsequent Chapters.

In conclusion, the objective of this task is to build an engine that aids designers

in improving efficiency while igniting their creativity.

1.3 Research Methodologies

1.3.1 Modeling Fashion Hand-drawing Sketch Generation

Engine

The primary objective of developing a fashion hand-drawing sketch engine is to

extract features from clothing items and then map them into body models. By uti-
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lizing deep learning models, different types of clothing can be quickly and accurately

mapped onto the body models. In details, this study mainly focuses on three main

points: 1) Creating a dataset that contains keypoint-labeled sketches and using deep

learning networks for training, enabling the model to accurately identify locations of

keypoints from various types of clothings. 2) Developing an algorithm for mapping

that places the selected sketch clothing onto body models based on the predicted

keypoints from the detection model and the pre-set keypoints on the body models

defined by designers. 3) Implementing deep learning network to segment clothing

items into front and back views while considering the type of clothing, allowing the

algorithm to achieve a layering effect.

1.3.2 Modeling Fashion Image Style Translation

The ability to interchange real images and illustrative images can help design-

ers and industry professionals gain a more intuitive understanding of their designs

and make subsequent adjustments. Unlike image-to-image translation in computer

vision, images with less information are more commonly used in fashion. Due to

the unique character of fashion images, datasets with high image quality and spe-

cialized captions have been developed to facilitate the task of fashion image style

translation. Two deep learning models are employed to realize this task: a GAN-

based generator with strong generative capabilities to control output, and guiding

image generation with a more precise loss function is proposed to solve this task.

The second model involves fine-tuning the best pre-trained diffusion-based model to

achieve identity-preserving style transfer.

(1). Task Introduction, Dataset Construction. Previous methods in com-

puter vision primarily focus on image-to-image translation and image style transfer,

achieving consistent results. They perform well with informative images, which

are characterized by (1) rich colors, (2) diverse spatial distribution, and (3) multi-

level depth. However, transferring illustrative images poses challenges due to their

characteristics: (1) relatively simple colors, (2) line drawings, and (3) a reduced

sense of spatial depth. Existing methods struggle with style transfer involving pure

backgrounds. To address this issue, an uninformative dataset composed of 10,000
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high-resolution sketches has been created to support this task and facilitate further

exploration. Furthermore, baesd on fashion paired dataset stylishU [225], SwinIR is

initially utilized [94] in conjunction with LDSR [148] to perform a super-resolution

version StylishU-SR, thereby obtaining images with a resolution of 512 × 512 for

further research.

(2). Hierarchical Generative Network. To address the problem of uninforma-

tive image style transfer, a new method with a streamlined and effective approach

is proposed for transferring informative and uninformative images. This method

is based on an Encoder-Decoder structure and is inspired by StyleGAN [74, 73],

incorporating a style coder C for style mixing to generate images and achieve style

transfer. Besides, style transform block inside the network are applied to trasnfer

the high-level features and support the generation of the target-style image. Low-

and high-level features are both considered when the discriminator distinguishes

whether the input image is real or fake. Adversarial loss and style loss are consid-

ered to constrain the generative network.

(3). Improving Quality by Fine-tuning Method. With the rise of diffusion

models, their powerful generative capabilities and scalability provide favorable con-

ditions for addressing this task. For the proposed Methods, To effectively capture

both texture and spatial information, hidden details are extracted from the source

image using image and sketch extraction modules. Specifically, a novel multi-layer

module called Uni-Adapter is employed to gather spatial and texture information

separately. Additionally, two distinct style adaptation modules, named Dual-LoRA,

are integrated into the UNet denoiser to capture styles from different domains. The

inclusion of parameters in both the image feature extractor and the fixed sketch

feature extractor enhances the model’s ability to extract spatial and textural infor-

mation from the input. Specialized style adaptation modules with learnable param-

eters are incorporated into the UNet denoiser to refine the style of the synthesized

images, facilitating content and style disentanglement.
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1.3.3 Modeling Pose-Guided Human generation

The primary goal of pose-guided human generation is to help designers clearly

visualize the appearance of a human figure and their garments from different per-

spectives, enabling them to make more precise adjustments to the detailed aspects of

the garments. This work focuses on two key components: 1): Pose-Guided Attention

Estimator : It extracts the high-level features of the clothing and the target person

in detail. 2): Image Synthesis with Confidence Map: It balances prior knowledge

and predicted information to generate human images in the target pose with rich

details. These efforts make the generated images with different viewpoints more re-

alistic, providing designers and professionals with valuable feedback and improving

their efficiency.

(1). Pose-guided Attention Estimator. To reassemble the referred image ac-

cording to the provided modifications, the correspondence between the referred im-

age Ir and target pose Ist mapped in the same domain S is estimated. This corre-

spondence is built using an attention estimator, which consists of three parts: (a)

Attention Correspondence Module, (b) Affine Transformation Module, and (c) Fea-

ture Fusion Module. Final warp images is generated from the feature fusion module

and applied for further process with the attention correspondence matrix obtained

by attention correspondence module. Attention correspondence matrix is obained

by correspondence between features extracted from referred images and target pose.

Affine transformation is a geometric transformation including translation, rotation,

scaling and sharing. With this transformation, the pixel-level information is pre-

served and not lost. The attention warp exemplar and affine warp guidance have

complementary advantages: the former preserves the global information of the body

figure, while the latter maintains the details of the human body. Therefore, a fusion

model is proposed to obtain pose-guided warp exemplar based on the attention warp

exemplar and affine warp.

(2). Image Synthesis with Confidence Map. The image synthesis approach

uses a generator that combines the target skeletons with the attention warp exam-

plar. Firstly, the affine warp guidance and the warped image are weighing using the

fusion map. Then, the SPADE resblock is utilized with the attention-based warp
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image to render the target-pose skeleton. The final image is synthesized by the

network using target skeletons, Confidence map, and correlation matrix generated

from the Pose-guided Attention Estimator. The pose-guided attention warp exam-

plar is used as input to the final generator, which is based on the progressive image

generator [71, 133]. The generator synthesizes the final image by incorporating both

the reliability of the warp examplar from the confidence map and the guidance of

the target skeleton.

1.4 Research Significance

With the development of technology, the design process for designers is be-

coming increasingly digitized. However, due to the complexity of design and the

tediousness of the workflow, establishing an efficient engine that can assist designers

has become a meaningful endeavor.

(1). Deployment of Multi-layer Hand-Drawing Sketch Generation En-

gine. Compared to mainstream deep generative modelsGenerative Adversarial Net-

work [40], the Hand-Drawing Sketch Generation Engine offers significant advantages.

This method not only ensures high reliability but also preserves the original textures

of the clothing in the generated images. The system enables designers and profes-

sionals to intuitively visualize how the clothes would appear by providing a realistic

representation of garments. Moreover, this method introduces a new data source

for clothing representation from in terms of data representation.

(2). Improvement of Performance for fashion Image Style Transfer. this

study firstly propose the a the differences between informative and uninformative

images and introduce a novel task that uninformative fashion image style transfer.

A proposed neat and effective MiniGAN, that achieves good result in unsupervised

style transfer while preserving the color information of the source image to deal

with this task. A StyleTransform Block which contains 9 independent residual

blocks to carry out target-style image transferring. Besides, Style Coder is appliedto

support the pixel-wise image generation. Moreover, a uninformative dataset which is

composed of 10000 sketches is proposed to support this task and further exploration.
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Due to the limitations of existing methods in uninformative fashion image style

transfer, a novel approach named Uni-DlLoRA is proposed. This approach focuses

on fine-tuning diffusion models for fashion image synthesis while improving style

disentanglement. The method addresses current challenges by incorporating image-

conditioned information through the proposed Uni-adapter and adapting the UNet

denoiser with the Dual-LoRA module. This enables better capture of spatial and

textural details from both real and illustrative domains.

(3). Introduction of Multimodal Fashion Dataset StylishU-SR. SwinIR [94]

and LDSR [148] are utilized to enhance the resolution and clarity of images in the

StylishU dataset by performing super-resolution. The caption of each image is ex-

tracted by BLIP [89] and refined by fashion experts for text-conditioning. By shar-

ing this dataset, researchers can more easily conduct follow-up studies to generate

higher-quality fashion image style transfer tasks.

(4). Improvement of Pose-Guided Human Transfer and Comprehensive

Insights. This study contributes by proposing a novel pose-guided human trans-

fer method, which utilizes a Pose-Guided Attention Estimator and Image Synthesis

with a Confidence Map. These techniques ensure that the generated images re-

tain the original appearance while matching the target pose. The effective results

can aid designers in improving efficiency while sparking their creativity. More-

over, a Comprehensive research about appearance and pose-guided human transfer

which contains introduction, problem definition, preliminaries, Methodologies, ap-

plicaitons, challenges. This research provides a comprehensive understanding of each

of these properties and how they contribute to the generation process. Furthermore,

this research explores the diverse applications of appearance and pose-guided hu-

man generation, such as video creation, virtual try-on, and fitting with different

poses. The potential practical uses of this technology in various fields are discussed

in detail. However, despite the remarkable progress in appearance and pose-guided

human generation, there are still challenges to address. High-quality image synthesis

with minimal artefacts, semantic-level editing, and accurate feature disentanglement

remain difficult. These challenges will be disscused and potential future research di-

rections will be outlined in this domain.
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Modeling Pose-Guided Human Image Generation

Chapter 7. Conclusion

Figure 1.6: The overview organization of this thesis.

1.5 Organization of the Thesis

The outline of this thesis is illustrated in the Figure 1.6.

Chapter 1 presents the research background, objectives, and significance of this

thesis, offering an introduction to the overall topic and establishing the context for

the research.

Chapter 2 provides a detailed literature review of intelligent fashion image

generation systems. It covers the state-of-the-art methods for each specific task

within the field of computer vision. Additionally, this chapter discusses the avail-

able datasets and popular evaluation metrics. A comprehensive overview of related

research is presented to inspire further investigation.

Chapters 3, 4, 5, and 6 detail the developed models for each task within the

intelligent fashion image generation system. Specifically, Chapter 3 introduces an au-

tomatic fashion hand-drawing sketch generation engine capable of producing multi-
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layer tops and bottoms on a body model. Chapter 4 proposes the challenges of

informative and uninformative image style transferring, and presents a GAN-based

image style transfer method to enhance performance in this area. Chapter 5 de-

scribes a novel approach to fashion image style transfer, introducing new methods

and a multi-modal dataset for future research. Chapter 6 proposes an innovative

approach for pose-guided human generation. Moreover, a comprehensive research

providing critical insights is disscused in this chapter.

Chapter 7 concludes the thesis by summarizing the key findings and limitations.

It also offers an overview of potential future work.
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Literature Review

The primary objective of this research endeavor was to develop of a fashion

hand-drawing sketch generator. Two core research objectives remained are: the es-

tablishment of a fashion pose transfer model, and the implementation of a fashion

image style transfer model. In recent years, numerous researchers focusing on the

field of computer vision and methods, datasets, and evaluation metrics have been

developed to tackle these three tasks. This chapter provides a comprehensive re-

view of previous research efforts related to each specific task. Specifically, to create

a machine capable of automatically generating hand-drawn sketches, understand-

ing essential low-level information such as key points and parsing images is crucial,

as described in Chapter 2.1 which provides an overview of low-level image analy-

sis. Regarding landmark detection in real images and fashion images segmentation,

Chapter 2.2 reviews relevant work about fashion image style trasnfer. Additionally,

the engine possesses the ability to transform real images, illustrations, or hand-

drawn sketches based on provided poses, making it particularly important to grasp

pose-guided image generation. And the related work of this ablitiy will be illustrated

in Chapter 2.3.

2.1 Fashion Low-level Clothing Features Analysis

Low-level clothing feature analysis is a research area that focuses on extract-

ing and analyzing various low-level visual features from clothing images. These
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features include color, texture, shape, and pattern, which are crucial for various

applications such as fashion recognition, clothing recommendation, and virtual try-

on systems. For Color-based Feature Analysis, Color is one of the most important

low-level features used in clothing analysis. Various studies have focused on color-

based feature extraction and analysis. For instance, Deole et al. [22] proposed a

color histogram-based approach to extract color features from images, which were

then used for classification. They achieved promising results in terms of accuracy

and efficiency. Similarly, Di et al. [23] proposed a color-based clothing retrieval sys-

tem that utilized color coherence vectors to represent clothing images and achieved

significant improvements in retrieval performance. Moreover, some researchers are

focusing on Texture-based Feature Analysis. Texture analysis plays a crucial role

in low-level clothing feature analysis. Researchers have developed various meth-

ods to extract and analyze texture features from clothing images. For example,

Rivaldy [147] proposed a texture descriptor called Local Ternary Patterns (LTP)

for clothing image classification. Their experiments demonstrated that LTP-based

features outperformed other texture descriptors in terms of accuracy and robust-

ness. Another study by Zhang et al.[208] utilized a combination of texture features,

including Local Binary Patterns (LBP) and Gabor filters, to improve clothing recog-

nition performance. Shape analysis is another important aspect of low-level clothing

feature analysis. Researchers have explored different techniques to extract and ana-

lyze shape features from clothing images. Kita et al. [80] introduced a shape-based

clothing recognition system that utilized shape context features and achieved high

accuracy in classifying different clothing categories. Patterns are distinctive visual

features found in clothing items and are crucial for clothing analysis. Researchers

have developed various methods to extract and analyze pattern features from cloth-

ing images. For example, Surakarin et al. [170] proposed a pattern-based clothing

retrieval system that utilized Local Binary Patterns (LBP) to capture the pattern

information of clothing items. Their experiments demonstrated the effectiveness of

pattern features in clothing retrieval tasks. Similarly, Pan et al. [128] proposed a

pattern-based clothing recognition system that employed a combination of texture

and pattern features, achieving significant improvements in recognition accuracy.
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2.1.1 Fashion Detection and Fashion Landmark Detection

Fashion detection serves the purpose of precisely localizing fashion items within

a provided image through regression techniques. This technological advancement

finds diverse applications within the realm of fashion, contributing to a range of

innovative and practical functionalities.

At its core, the primary objective of fashion detection is to undertake object

localization within images, often realized through the delineation of bounding boxes.

This enables the accurate identification of the spatial coordinates of fashion items,

facilitating subsequent analyses and manipulations. Furthermore, fashion detection

extends its utility to encompass the intricate task of identifying clothing landmarks.

By identifying and locating specific points of interest in garments, this facet of

fashion detection enhances the understanding of clothing’s spatial relationships and

forms the foundation for various downstream applications.

Fashion detection utilizing bounding boxes constitutes a pivotal approach for

discerning distinct fashion articles within an individual’s image. This technique

effectively captures various elements of attire, including dresses, coats, pants, shoes,

bags, and more. Several notable methodologies have been established to achieve

this endeavor, such as Regions with Convolutional Neural Networks (R-CNN) [38],

fast R-CNN [37], faster R-CNN [143], Single Shot multi-box Detector (SSD) [109],

Region-based Fully Convolutional Networks (R-FCN) [19], and ”you only look once”

(YOLO) [142]. These prominent frameworks can be harnessed to execute the task

of clothing detection through bounding boxes.

The underpinning of clothing detection is frequently adapted from a generalized

object detection framework [83, 162]. For instance, Hara et al. [46] integrated the

R-CNN object detector with a spectrum of domain-specific priors, encompassing

factors like pose, object morphology, and dimensions. This fusion of priors was

combined with an appearance-derived posterior, computed using Support Vector

Machines (SVM), culminating in a comprehensive posterior distribution. This final

distribution was then employed to predict the class associated with each bounding

box, thereby culminating in an effective clothing detection solution.
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The goal of clothing detection based on landmarks is to precisely estimate the

coordinates of landmark locations. Clothing landmarks play a vital role in creating

more robust feature representations, particularly when dealing with clothing defor-

mation or occlusion. This reinforcement contributes to achieving greater accuracy

in predictions for various clothing-related tasks. The domain of clothing landmark

detection bears a resemblance to person pose estimation.

In current research, the pursuit of clothing landmark detection generally adheres

to a foundational structure akin to single-person pose estimation. This structure

can be categorized into two primary methods, determined by how landmarks are

predicted: coordinate-based methods [112, 113, 38] and heatmap-based methods [53,

191, 208, 93, 181, 196]. Coordinate-based approaches utilize learned feature maps

to directly regress landmark coordinates. In contrast, heatmap-based methods first

generate heatmaps and subsequently predict landmark coordinates based on these

generated heatmaps. Within these heatmaps, pixel values denote the probabilities

of landmark existence.

Coordinate-based landmark detection aims at predicting the positions of M

functional key points of a fashion item. Among the coordinate-based landmark de-

tection methods, Liu et al. introduced the Deep Fashion Alignment (DFA) frame-

work [113]. This framework adopts a multi-stage structure that involves the sequen-

tial integration of three CNN-based regression models. In the initial stage of DFA,

a raw image is utilized as input to predict preliminary landmark positions along

with their respective labels. Subsequent stages build upon the outputs generated in

earlier stages. It’s worth noting, however, that DFA operates under the assumption

that clothing bounding boxes are provided as prior information during the training

phase. Regrettably, this assumption often proves impractical in real-world scenarios.

To address this inherent limitation, Yan et al. devised the Deep Landmark Network

(DLAN) [55]. DLAN incorporates a selective dilated convolution mechanism and a

hierarchical recurrent spatial transformer. These components synergistically tackle

issues related to scale discrepancies and cluttered backgrounds. Unlike DFA, DLAN

circumvents the need for predefined clothing bounding boxes, making it a more

adaptable and versatile solution for clothing landmark detection.
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Heatmap-based landmark detection methods learn to predict a heatmap, which

constitutes a positional distribution for each landmark in an image. In the realm

of landmark detection, Wang et al. introduced a Bidirectional Convolutional Re-

current Neural Network (BCRNN) [53]. This innovative framework facilitates the

exchange of messages across fashion grammar, a concept used to convey kinematic

and symmetric relationships between clothing landmarks. In practical application,

visual attention mechanisms play a pivotal role in focusing feature learning on crucial

landmark positions. This focused attention enhances the capacity for discriminat-

ing representations based on location. Furthermore, the task of fashion landmark

detection demands both location information and an extensive receptive field. This

combined information is essential for determining whether a particular location qual-

ifies as a landmark and for ascertaining the specific class to which the landmark

belongs. In a related context, Li et al. devised a Spatial-Aware Non-Local (SANL)

block [181]. This block augments the original non-local block [183] by integrat-

ing spatial information as an attention mechanism. This enhancement bolsters the

model’s capability to understand spatial relationships within the data. On a simi-

lar note, Huang et al. proposed a comprehensive end-to-end architecture [93] that

leverages Part Affinity Fields (PAFs). This approach capitalizes on the associations

between landmark locations to elevate the precision of landmark coordinate pre-

dictions. By integrating these advancements, researchers continue to advance the

state-of-the-art in fashion landmark detection, pushing the boundaries of accuracy

and performance.

2.1.2 Fashion Clothing Segmentation

Fashion Clothing Segmentation serves the purpose of segmenting fashion ele-

ments by allocating category labels to individual pixels on a person within an image.

This intricate task holds significance across various real-world applications, includ-

ing personalized recommendations and virtual try-ons. In scenarios where fashion

items like shoes or bags constitute only a small fraction of an image, while the bulk

of the image remains unrelated to a shopper’s intent, the need to precisely localize or

segment these small fashion items arises. This localization process proves essential

21



Chapter 2. Literature Review

to efficiently retrieve highly pertinent items from a visual search system, rather than

forwarding the entire image. A distinction emerges between clothing parsing and

human parsing, hinging on the nature of labels. Clothing parsing involves granular

clothing categories as labels, whereas human parsing employs labels about body

parts and general clothing categories. Clothing parsing necessitates a higher-order

understanding rooted in the semantics of intricate clothing varieties. Furthermore,

it must grapple with the challenge of accounting for the distorted configuration of

clothing on individuals within an image, thereby introducing an additional layer

of complexity. Conventional solutions build upon traditional methods by incorpo-

rating predefined rules for label inference [95, 209, 190, 63, 163, 28]. In contrast,

deep learning-based approaches primarily center on the Fully Convolutional Net-

work (FCN) image segmentation pipeline, augmented with various auxiliary mod-

ules. These modules are designed to encapsulate diverse fashion-related aspects,

such as edges, outfit consistency, and texture [114, 96, 64, 76, 59, 205]. This integra-

tion of inherent fashion item knowledge augments the model’s capacity to accurately

recognize and categorize fine fashion classes during the segmentation process.

Deep learning methods excel in extracting contextual information from the hu-

man body through receptive fields within deep architectures. This obviates the need

for explicitly treating the human body as an additional preprocessing step for a given

human image. The effectiveness of this approach contrasts with earlier methods that

required separate human body identification as a preliminary procedure. A notable

breakthrough in this field has been achieved with Fully Convolutional Networks

(FCNs), significantly elevating performance in semantic image segmentation [114].

Two prominent research trajectories emerge for conducting semantic clothing image

segmentation. The first involves refining FCN architectures through the integration

of supplementary discriminative classifiers [124, 96, 64, 76]. The second branch en-

tails the incorporation of Conditional Random Fields (CRFs) [174, 130] into parsing

neural networks, thereby facilitating end-to-end trainable models. However, there

is no task focusing on the back-front clothing segmentation.
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2.2 Fashion Image Style Translation Modeling

The fundamental objective of image-to-image translation revolves around ac-

quiring the ability to discern and implement a conversion mechanism from a given

source domain to a designated target domain while preserving the essential charac-

teristics of the images.

2.2.1 State-of-the-art Methods

Recent strides in this field have led to promising breakthroughs. A notable

pioneer in this domain is Pix2pix [62], which marks a pivotal advancement by lever-

aging Generative Adversarial Networks (GANs) to effectuate the transformation of

images between disparate domains. However, it’s noteworthy that Pix2pix [62] ne-

cessitates a meticulously matched dataset, known as paired data, to yield images of

commendable quality. This prerequisite for paired data poses a challenge, prompting

the exploration of innovative strategies.

In response to this challenge, novel architectures have emerged. Two note-

worthy instances include the concept of cycle consistency [218] and the notion of

a shared latent space [107]. These architectural paradigms strive to overcome the

constraint of paired datasets. More recently, cutting-edge algorithms [132, 57, 84]

have been conceived, building upon the principles of these architectures to elevate

the quality of translated images. These advancements have contributed to refining

the translation process, culminating in enhanced image quality.

While the current landscape of image-to-image translation has demonstrated

its prowess in generating images of commendable quality and embracing a diverse

array of possibilities, it’s imperative to recognize that the scope of application is

bounded by the prerequisite of having informative datasets for both source and

target domains. This limitation implies that the existing methods hinge on datasets

rich in meaningful correspondences.

Surprisingly, despite the significant progress in image-to-image translation, there

remains a conspicuous gap in the research landscape. The focus has yet to extend
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to the domain of uninformative style transfer, wherein the intention would be to

perform transformations without the presence of profound correspondences between

the datasets. This uncharted territory poses intriguing possibilities and challenges

that warrant exploration to pave the way for even more comprehensive and versatile

image translation methodologies.

2.2.2 Benchmark Datasets

The table provides an overview of benchmark datasets applied to the task of

image style transfer. Since this task falls under the domain of computer vision,

specifically the task of image-to-image translation, some datasets from image-to-

image translation can also be applied to image style transfer. For example, datasets

proposed in pix2pix [62], such as monet2photo, summer2winter, ukiyoe2photo, and

vangogh2photo, clearly and accurately define images of different styles. While these

datasets feature diverse styles, their resolutions are no longer mainstream, and the

data is unpaired. StylishGAN [225] introduced a fashion dataset called StylishU,

which contains paired images including real photos and their corresponding fashion

illustration; however, it remains relatively rough and requires further post-processing

to achieve higher-quality paired data. Additionally, some researchers have created

new datasets by combining images from WikiArt 1 and Places365 [212]. However,

these high-quality datasets are also unpaired. Despite these limitations, these bench-

mark datasets serve as valuable prior resources for evaluating and advancing tech-

niques in fashion image style transfer.

2.3 Fashion Pose-Guided Image Transfer Model-

ing

This chapter illustrate the pose-guided human image transferring based on the

input human images and target pose.

1https://www.wikiart.org/
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2.3.1 State-of-the-art Methods

Pose-guided human image synthesis has gained significant attention in recent

years. The task focuses on generating a target image conditioned on a given skeleton

pose and a reference image, while preserving the appearance and fine details of the

reference [186, 72, 62, 218, 57, 213]. While earlier works, such as the two-stage

network proposed by [116], demonstrated improved performance, these methods

come with high computational costs.

To address the efficiency challenges, [30] introduced a hybrid approach that

combines Variational Auto-Encoders (VAEs) [25] with U-Net [149]. However, this

method relies on 1-D embedding features, which are insufficient for capturing de-

tailed appearance information, leading to a drop in the quality of the generated

images. Additionally, the skip connections in U-Net often cause feature misalign-

ment, negatively impacting synthesis performance. To mitigate these issues, [223]

proposed a network with transfer blocks that establish connections between regions

of interest in the reference and target poses, resulting in better alignment and qual-

ity.

Other approaches, such as CoCosNet [201], CoCosNetV2 [216], and NETD [144],

introduced novel frameworks that generate images by leveraging semantic warp im-

ages. These methods rely on mapping semantically corresponding patches from the

reference image to the target pose. While effective in improving semantic consis-

tency, these approaches struggle to transfer fine patterns from the reference image.

Moreover, their reliance on additional parsing images and attribute annotations

limits their applicability in practical scenarios.

Flow-based methods, including those proposed by [215] and [44], offer greater

flexibility compared to affine transformation techniques, as they are not constrained

by predefined transformation components. However, these methods perform warp-

ing at the pixel level rather than the feature level, which limits their ability to

generate rich and coherent content. To address this, [145] proposed incorporating

local attention to enhance feature representation during synthesis. Similarly, [173]

introduced a method using local flow fields to capture semantic correlations between

features. Despite these advancements, these approaches face challenges when there
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is a significant discrepancy between the source and target poses, as the local flow

fields often produce blurred features, leading to a decline in image quality.

Dataset Type Scale Resolution

Market1501 [210] Images 32,668 images, from 1501 people 128× 64

DeepFashion [112] Images 52,712 images with over 200,000 pairs 256× 256

DeepFashionHD [112] Images 52,712 images with over 200,000 paris 1101× 750

MPV [26] Images 62,780 three-tuples 256× 192

MVC [106] Images 161,638 images in 37,499 items 1920× 2240

Human3.6M [61] Images 3,600,000 images from 11 people 1000× 1000

LookBook [194] Images 75,016 images with 9732 items 256× 256

FashionOn [51] Images 10,895 paired images 288× 192

FashionTryOn [211] Images 28,714 triplets images 256× 192

Deepfashion2 [36] Images 491,895 images with clothes pairs ∗

Deepfashion-MM [66] Images 44,096 images mannually annotated 1101× 750

SHHQ [32] Images 230,000 images 1024× 512

Penn action [206] videos 2,326 videos in 15 actions 640× 480

Tai Chi [175] videos 4,500 video clips 256× 256

Fashion Dataset [197] videos 600 videos with roughly 350 frames each 940× 720

iPER [110] videos 206 video sequences with 241,564 frames 256× 256

iPER-HD [110] videos 206 video sequences with 241,564 frames 1024× 1024

VVT [27] videos 791 videos with totally 190101 frames 256× 192

Table 2.1: List of the main datasets for appearance and pose-guided human gener-

ation including name, types of datasets and the size of datasets, and the resolution

of the datasets. Types of datasets include images and videos.

2.3.2 Benchmark Datasets

Table 2.1 illustrate the overview of benchmark datasets applied for the task of

pose-guided human tranferring. List of the main datasets for appearance and pose-

guided human generation including name, types of datasets and the size of datasets,

and the resolution of the datasets. Types of datasets include images and videos. In

human image generation, Market1501 [210] is the first and most common dataset,

which contains 32,668 images composed of 1501 identities with six different view-
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points, and the resolution of the images is 128 × 64. To enhance the quality of the

dataset and expand its size with a clean background, Deepfashion [112] is proposed,

and it stands as the most popular dataset adopted for human pose transfer. It con-

sists of 52,712 in-shop clothes images with a clean background, and the resolution

of Deepfashion is 256 × 176. The new Deepfashion2 dataset is introduced with a

higher resolution (1101 × 750) to enhance the capabilities of the models. MPV [26]

is also adopted to evaluate appearance and pose-guided image generation. Deep-

fashion2 [36] proposed a dataset that contains over 491,895 images with 873,000

Commercial-Consumer clothes pairs. StyleGAN-Human (SHHQ) [32] provide 40k

images with the resolution of 1024 × 512 in which the parsing images are manually

annotated. Very recently, DeepFashion-MultiModal [66] proposed high-resolution

1101 × 750 datasets with extra parsing images, keypoints maps and Densepose and

textual descriptions. With these elements, models are the potential to carry out

overall human generation by being pose-driven and text-driven.

For appearance and pose-guided video generation, Tai Chi [175] is the most

popular dataset applied to video reconstruction. Table 2.1 illustrates the main

datasets adopted in most experiments.

hese benchmark datasets serve as valuable resources for evaluating and advanc-

ing pose-guided human generation techniques.

2.4 Evaluation Matrix

This chapter primarily discusses the evaluation metrics previously used for the

task of image style transfer and pose-guided human image generation.

Since both tasks focus on image generation, the evaluation metrics are quite

similar with only minor differences. In terms of assessing the quality of the gener-

ated images, IS[154], FID[48], and LPIPS [203] are the most widely used metrics.

Additionally, in recent years, scores derived from pretrained networks, such as DS,

have been utilized to evaluate the confidence of person detection. High-level dis-

tances, such as the Frchet Segmentation Distance (FSD) introduced by Bau [3], and

the Sliced Wasserstein Distance (SWD) [136], are applied to evaluate the quality of
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the generated images at the feature map level. In details,

Detection Score (DS)[161] measures the confidence of detecting a human in gen-

erated images. It uses the highest person-class score from a pretrained SSD[109]

model, reflecting how realistic the generated human appears.

Inception Score (IS)[154] evaluates the quality and diversity of images generated

by GAN models. It calculates the latent distributions of features extracted by an

Inception-v3[172] model pretrained on ImageNet [20]. Higher scores indicate higher

diversity and clearer image generation, particularly for diverse and complex scenes.

SlicedWasserstein Distance (SWD)[136] evaluates the Wasserstein distance[152]

between distributions of projected feature maps from real and generated images. It

is particularly useful for assessing fine-grained differences in feature representations.

Learned Perceptual Image Patch Similarity (LPIPS)[203] measures percep-

tual differences between two images using deep neural networks such as VGG[164]

and SqueezeNet [58], both pretrained on ImageNet [82]. A lower LPIPS score indi-

cates higher perceptual similarity between the images.

Faithfulness metrics evaluate the similarity between real and generated images.

Commonly used metrics include:

Peak Signal-to-Noise Ratio (PSNR) is a widely used metric for assessing gen-

erated image quality. It calculates the ratio between the maximum possible pixel

value and the mean squared error (MSE) between two images. Higher PSNR values

indicate better image quality.

Structural Similarity Index (SSIM) [185] measures the similarity between real

and generated images by comparing luminance, contrast, and structural details.

Higher SSIM scores indicate greater similarity.

2.5 Chapter Summary

This chapter organizes the literature review for the task of building a Deep

Learning-based Intelligent Fashion Image Generation System across three key as-

pects.

Specifically, it begins by discussing foundational models related to the auto-

28



2.5. Chapter Summary

matic multi-layer hand-drawing sketch generation engine. Models for fashion land-

mark detection and fashion clothing image segmentation are also reviewed, as they

play an essential role in designing a comprehensive generation engine.

For the task of fashion image style transfer, models originating from computer

vision tasks such as image-to-image translation and image style transfer are explored

in detail. Methods in image-to-image translation focus on learning the weights of

specific styles to generate corresponding outputs, while image style transfer tech-

niques rely on feature fusion to enable few-shot style adaptation, eliminating the

need for extensive training. Furthermore, the limitations of both types of models in

the context of fashion image style transfer are analyzed from various perspectives.

For the task of appearance and pose-guided human image transfer, several

methodologies such as feature-based, flow-based, and attention-based approaches

are discussed. Additionally, the limitations and challenges associated with these

methods are thoroughly examined.

This chapter also reviews the benchmark datasets relevant to these tasks. These

datasets provide valuable resources for training and evaluating algorithms and mod-

els in the field of intelligent fashion image generation.

Finally, Chapter 2.4 offers an overview of the most commonly used evaluation

metrics in previous studies. These metrics primarily focus on assessing either the

recommendation accuracy or the retrieval performance within the context of fashion

recommendation tasks.

29



Chapter 3

The Framework of Intelligent

Fashion Image Generation System

3.1 Introduction

The intelligent fashion image generation system framework can be divided into

three main components:

1): Automated generation of multi-layer sketch images from hand drawings

(corresponding to Part A in the figure). In details, the system employs two special-

ized models: a keypoint detection model and a segmentation model. These models

work in conjunction to process the input sketches.

2): The hand-drawing sketch images generated from the system are processed

through an image style transfer model to create corresponding realistic and illustra-

tive images (shown in Part B). For the task of sketch images to illustrative images

translation, a novel method is proposed to tackle the problem of both informative

and uninformative image transferring.

3): The final component of the framework involves using generative models to

transform the pose of real images into specified poses, allowing for better garment

presentation (Part C).

These three components form a comprehensive Intelligent Fashion Image Gen-
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eration System, which not only assists users and designers in rapidly creating designs

but also provides them with enhanced inspiration and creativity. And Figure 3.1

illustrate the overall framework.

Hand drawing 
Sketch

Generation
Hand Drawing

Sketch

Sketches

Real Images

Illustrations

Transferred
Images

Part A Part B Part C

Figure 3.1: The figure illustrate the overall framework of intelligent fashion image

generation system. In details, Part A illustrate the process of hand-drawing sketch

image generation. Part B demonstrates the interaction between hand-drawing sketch

images, illustrative images and real images. Part C elaborates the pose guided image

generation based on proposed poses in the real domain.

In this chapter, the main components that constitute the framework of the

Intelligent Fashion Image Generation System will be introduced. In terms of hand-

drawn image generation, the keypoint detection model within this task extracts

clothing landmarks, while the segmentation model generates segmentation maps of

the sketches. To determine the precise placement of garments, the system calcu-

lates their scale and position by aligning the garment-specific landmarks with corre-

sponding human body keypoints. The final output image is systematically generated

through a layered synthesis process, where individual garment items are composited

onto the baseboard following a predetermined order of placement. Specifically, the

Chapter4.2 provides detailed insights into the implementation methods.

Once the hand-drawn sketches are automatically obtained, realistic images and

illustrative images are generated to provide users or designers with more inspiration
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during the image style translation process. For the task of translating sketch images

into illustrative images, a novel method is proposed to address the challenges of both

informative and uninformative image transfer. Specifically, a StyleTransform Block,

consisting of 9 independent residual blocks, is introduced to facilitate target-style

image translation. Additionally, a Style Coder, inspired by StyleGANv2 [74], is

employed to support pixel-wise image generation by capturing multi-level features

of the target image for final synthesis. For the task of translating real images into

illustrative images, a novel model named Uni-DlLoRA is introduced to overcome

existing limitations. This model integrates the original images with a pretrained

diffusion-based model using the proposed Uni-adapter extractors, while leveraging

the Dual-LoRA module to provide distinct style guidance. The detailed composition

and implementation of these two innovative models are thoroughly discussed in

Chapter 4.5 and Chapter 5.4, respectively.

For the task of pose transformation based on human figures, a novel method is

proposed to accomplish this objective. Specifically, attention-based spatial transfor-

mation modules and affine transformation modules are utilized to generate accurate

appearances and extract pixel-wise details in local regions, producing intermediate

results. Additionally, a confidence map is introduced to refine spatial information

during the final image synthesis process. The detailed composition and training

methodology of this approach are comprehensively described in the Chapter??.

3.2 Hand-Drawing Sketch Generation Engine

For the task of hand-drawn sketch image generation, accurately matching the

sketch to the model body is the most critical factor. The relevant knowledge and

components of this process will be introduced in the following section.

3.2.1 Methodology

The engine of fashion hand-drawing sketch generation is realized through three

steps, namely fashion landmark detection, fashion segmentation, and fashion item
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composition. The detailed process will be discussed in this section.

3.2.1.1 Fashion Landmark Keypoint Detection

For the purpose of identifying the key landmarks of fashion items, the knowledge-

guided fashion network, as introduced by Hrnet[168], offers a suitable backbone. In-

stead of directly predicting the positions of landmarks, a confidence map depicting

positional probabilities for each landmark is employed to facilitate the generation of

these fashion-specific landmarks. A novel head named ViPNAS [188] is introduced

to access this confidence map.

Figure 3.2: The structure of the Hrnet [168].

Figure 3.2 illustrates the structure of the Hrnet [168] that the network starts

from a high-resolution convolution stream as the first stage, gradually adds high-to-

low resolution streams one by one, forming new stages, and connects the multires-

olution streams in parallel. As a result, the resolutions for the parallel streams of

a later stage consist of the resolutions from the previous stage, and an extra lower

one.

To achieve a better trade-off between accuracy and efficiency, the novel neural

architecture search (NAS) method, termed ViPNAS [188], is utilized to search net-

works in both spatial and temporal levels for fast landmark and keypoint estimation.
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Figure 3.3: Examples of existing fashion segmentation datasets.

3.2.1.2 Fashion Image Segmentation

The importance of fashion segmentation for hand-drawing sketch generation

is that it makes the generated images more realistic. Especially in the case of

item overlapping, taking an outwear and a shirt for instance, the front part of the

outwear only covers part of the skirt instead of rough attaching the shirt directly

to the outwear. To obtain an available fashion segmentation model, the creation of

a fashion segmentation dataset is critical for this task. The current fashion dataset

released focuses on fashion category segmentation, as shown in Figure 3.3. However,

this task requires classifying the front part, and back part of an item image. In this

case, a new fashion segmentation dataset is needed to classify.

3.2.1.3 Automatic Hand-Drawing Sketch Generation

After the clothes are segmented, conventional computer vision processing tech-

niques are used to realize the item composition process. First, the scale and position

of the garments are calculated by matching the landmarks of the garment with the

pose key points of the human body. The output image is generated by synthesizing

each item into the baseboard in the given order.
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3.2.2 Role in the Framework

The Hand-Drawing Sketch Generation Engine is the first component of the

entire framework, enabling automatic and rapid sketch generation (Part A in the

Figure 3.1). It serves as an indispensable part of the overall framework.

3.3 Sketch to Illustrative Fashion Image Genera-

tion

Sketch to Illustrative Fashion Image Generation is a specialized sub-task within

the realm of image-to-image translation, aimed at infusing a specific fashion style

while preserving the structural integrity of the original image. To tackle both infor-

mative and uninformative fashion image style transfer challenges, a novel model

named MiniGAN has been proposed. The design principles, related work, and

methodology of this model will be elaborated in the subsequent sections.

3.3.1 Methodology

The primary objective is to address the transfer of both informative and un-

informative images. For GAN-based algorithms, the task involves generating vivid

images with rich details, such as realistic textures and easily recognizable shapes.

As show in Figure 3.4 To enhance the details of the generated images, Gram

matrices, which capture high-level target-specific style statistics, are utilized to fa-

cilitate image style transfer. Additionally, several loss functions are employed to

assist in constructing the final output. In terms of the model’s architecture, a Style

Transform Block consisting of 9 independent residual blocks is proposed to achieve

target-style image transfer. Furthermore, a Style Coder is incorporated to support

pixel-wise image generation. Inspired by StyleGANv2 [74], the Style Coder captures

multi-level features of the target image to enable high-quality final synthesis. The

details will be illustrated in the Chapter 4.4.
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Figure 3.4: Overview of the main architecture of an encoder-decoder based net-

work. Figure (a) shows the details of generator. In addition to the style latent

vector applied in StyleGAN and StyleGANv2, deep-level feature maps extracted by

encoder are also considered during skip-connection to help image generation. The

StyleTransform Block which contains 9 residual convolutional layers transferring the

style from content image to target image. Figure (b) illustrates the process of multi

scale discriminator. From Multi scale values the discriminator supports generator

captures both low level information and high level features.

3.3.2 Role in the Framework

The implementation of sketch-to-illustrative fashion image generation achieves

to inspire users and designers with more creativity. As part of Part B in the frame-

work, this functionality bridges the gap between automatically generated images

and the ability to transform perspectives based on model images.

3.4 ID-Preserved Real to Illustraive Image Trans-

lation

Image-to-image (i2i) translation has achieved significant success, yet it remains

challenging in certain scenarios, such as real-to-illustrative style transfer for fashion.

Existing methods primarily focus on enhancing the generative model’s diversity but

often fall short in achieving ID-preserved domain translation. To address this lim-
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itation, a novel model named Uni-DlLoRA is proposed. The related work will be

discussed in this chapter, and the methodology section will introduce the fundamen-

tal principles of the model’s structure.

3.4.1 Methodology

Stable Diffusion (SD) is a text-to-image model known for its robust performance

in generating images from both textual and visual inputs. The architecture of this

diffusion model comprises two primary modules: Autoencoders [178] and a modified

UNet [149] denoiser. During the training process, the autoencoder embedded within

the network is employed to encode images into a latent space, where the latent

features are systematically noised in a stepwise fashion. Subsequently, the modified

UNet denoiser is trained to progressively denoise these latent features, ultimately

reconstructing the original image with high fidelity.
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Figure 3.5: The proposed Uni-DlLoRA network includes (a) an overview, (b) a

detailed process for obtaining mixed conditional embedding from multi-layer features

of the image and its sketch, and (c) the specifics of the style adaptation module.

To effectively capture both texture and spatial information, hidden details are

extracted from the source image using a novel multi-layer module named Uni-

adapter, as illustrated in Figure 3.5. The extraction of style from target images

or domains, followed by its seamless integration into source images, plays a pivotal
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role in the style transfer task. Drawing inspiration from [81], two distinct style

adaptation modules, termed Dual-LoRA, were incorporated into the UNet denoiser

to effectively capture and adapt styles across different domains.The details will be

thoroughly elaborated in Chapter 5.3.

3.4.2 Role in the Framework

The implementation of integrating specified fashion styles into real images while

preserving texture details can significantly assist users and designers in completing

their creative tasks more efficiently. As part of Part B, this functionality will not

only accelerate the creative process for users and designers but also expand the

expressive range of their work.

3.5 Capable Fashion Pose-Guided Image Transfer

Modeling

Human pose transfer aims to synthesize human images with target poses based

on reference inputs, a task that holds substantial economic potential for applications

in e-commerce and virtual reality. In this section, a novel approach is proposed

termed the Attentional Pixel-wise Deformation Network (APD-Net), designed to

generate realistic human images by leveraging guided pose conditions and reference

appearance details. This method focuses on precise spatial deformation and pixel-

level fidelity to achieve high-quality pose-aligned synthesis.

3.5.1 Methodology

The goal of this study is to learn how to transform poses from the skeleton

domain A to the real image domain B, with the help of an input image yf ∈ B.

APD-Net, which learns cross-domain correspondences to provide better guidance

for image translation and employs a flexible affine transformation to capture tex-

tures and local region deformations is proposed to achieve the goal. The generator

38



3.5. Capable Fashion Pose-Guided Image Transfer Modeling
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Figure 3.6: The pipeline of APD-Net for generating pose-transferred image.

combines the outputs from this estimator to obtain the final image synthesis using

a SPADE resblock [133]. Specifically, the entire process is illustrated in Figure 3.6.

It involves two main steps for generating pose-transferred images: 1) a Pose-guided

Attention Estimator for pose estimation and 2) an Image Synthesis Module for

image generation. Specifically, four elements—namely attention warp exemplar, fu-

sion map, affine warp guidance, and confidence map in part a)—are synthesized,

and attention pose-guided warp exemplars are multiplied with the confidence map

in part b) to enhance image synthesis during the first stage in Chapter 6.2.1 Sub-

sequently, cross-domain image synthesis module based on SPADE resblock [133] in

Chapter 6.2.2 is proposed, aiming to synthesize final results by leveraging high-level

features of reference information and target pose. Finally, the training details are

explained in Chapter 6.2.3.

The objective of this study is to learn how to transform poses from the skele-

ton domain A to the real image domain B, utilizing an input image yf ∈ B. To

achieve this, APD-Net, which learns cross-domain correspondences to provide en-

hanced guidance for image translation and employs a flexible affine transformation

to capture textures and local region deformations, is proposed. The generator inte-

grates the outputs from this estimator to produce the final synthesized image using

a SPADE resblock [133]. The entire process, illustrated in Figure 3.6, consists of

two main steps for generating pose-transferred images:
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Figure 3.7: The details of the Pose-guided Attention Estimator.

• A Pose-guided Attention Estimator for pose estimation, and

• An Image Synthesis Module for image generation.

Specifically, four key elements—attention warp exemplar, fusion map, affine

warp guidance, and confidence map (part a)—are synthesized. The attention pose-

guided warp exemplars are then multiplied with the confidence map (part b) to

refine image synthesis during the first stage, as detailed in Chapter 6.2.1. Subse-

quently, a cross-domain image synthesis module based on the SPADE resblock [133]

is introduced in Chapter 6.2.2, aiming to synthesize the final results by leverag-

ing high-level features from the reference information and target pose. Finally, the

training details are comprehensively explained in Chapter 6.2.3.

3.5.2 Role in the Framework

The proposed pose-guided human transfer network completes the final piece

of the framework 3.1 in Part C, enabling the generation of human images in the

real domain according to arbitrary target poses. These target poses are defined by

keypoints following the rules of OpenPose [10]. This allows the system to generate

real images in any pose, providing designers with more visible information while

enhancing workflow efficiency.
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3.6 The Overall Fashion Image Generation Frame-

work

The complete Fashion Image Generation Framework has been meticulously con-

structed as described above. For the initial sketch generation, an Automatic Hand-

Drawing Sketch Generation method is employed to rapidly produce sketches. Once

the hand-drawing sketch images, derived from clothing and model inputs, are ob-

tained, various methods in Part B can transform these sketches into images with

different styles. Finally, leveraging real images and desired poses, the Capable Fash-

ion Pose-Guided Image Transfer Model enables the transformation of images into

arbitrary poses. This not only enhances the efficiency of users and designers but

also serves as a source of inspiration for their creative endeavors.

3.7 Chapter Summary

This chapter outlines the comprehensive framework of an intelligent fashion im-

age generation system. Figure 3.1 provides a detailed illustration of the framework’s

pipeline.

Within the overall framework, the automatic hand-drawn sketch generator in

Part A is discussed in Chapter 3.2. The engine incorporates a fashion landmark

detection model and a fashion segmentation model, which are utilized to predict

landmark keypoints and distinguish between front and back sides, respectively. The

predicted results are then aligned and matched to generate the final automatic hand-

drawn sketch image.

In Part B of the framework, the process of fashion image-to-image translation

is addressed. MiniGAN 3.3 and Uni-DlLoRA 3.4 are introduced to facilitate fashion

style transfer based on reference images from different domains. Specifically, Mini-

GAN employs a Style Transform Block and a Style Coder to achieve target-style

image transfer, utilizing the StyleGANv2 architecture for final image synthesis. On

the other hand, Uni-DlLoRA incorporates two independent LoRA structures within

an SD framework to generate illustrative images while preserving the details of the
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content image.

For multi-pose model image generation in Part C, the Attentional Pixel-wise

Deformation Network (APD-Net) is proposed. This network leverages cross-domain

correspondences and a SPADE generation block to achieve consistent results, effec-

tively bridging the gap between Part B and Part C in the overall framework 3.1.
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Chapter 4

Toward Informative and

Uninformative Image Transferring

This chapter introduces the preprocess work of uninformative hand-drawing

sketch image generation and an empirical approach using a generative network

named MiniGAN to address both informative and uninformative image transfer

tasks. These two methods achieves the developement of the automated hand-

drawing sketch generation engine and transform sketch images to illustrative images,

respectively.

In details, the fashion hand-drawing sketch generation engine is accomplished

through three steps: fashion landmark detection, fashion segmentation, and fashion

item composition. This engine utilizes a landmark detection model and a fashion

segmentation model, integrating them to create an automated fashion sketch image

generation system.

For MiniGAN, the generator is inspired by StyleGANv2, incorporating an En-

coder and a StyleTransform Block. These components are crucial for extracting

high-level feature maps from the source image and capturing the latent represen-

tation of the target image, respectively. This information guides the generator in

producing the final image. MiniGAN demonstrates superior performance in style

transfer, maintaining color fidelity in informative images.

The preprocessing generation work which proposed in Chatper 3.2 implement
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the processes of part A and MiniGAN 3.3 implement the fashion image to image

translation work in part B in the overrall framework of intelligent fashion image

generation system 3.1 illustrated in Chapter 3.

4.1 Introduction

The task of Image to Image Translation [218, 62] is to learn an appropriate

mapping function from source image to target image. Recently generative ad-

versarial networks (GAN) based methods perform well to colorize the gray-scale

real images [126, 9], combine the content image with the style of the target im-

age [68, 62, 155] and two or multi objects translation [218, 132]. Although these

methods achieve promising results in some scenarios that dealing the informative

images such as day scene to night scene and real photo to Monet-style photo, to our

best knowledge, tackling the problem of uninformative image transforms is absent.

As shown in Figure 4.1(a), most images are informative enough. On the other

hand, there still have large amount of images belonging to Minimalism (as shown in

Figure 4.1(b)). This kind of images mainly appears in design creation process, such

as illustration, technical drawing or hand sketches. Uninformative image transferring

thus has highly practical value as the same as informative image transferring.

In this chapter, a novel method is proposed to tackle the problem of both

informative and uninformative image transferring while the informative images have

the characteristics including: (1) richful color (2) diverse space distribution (3) multi

level depth. On the other side, the characteristics of uninformative images are: (1)

relatively simple color (2) line drawings (3) less feeling of spaciousness. Specifically,

StyleTransform Block which contains 9 independent residual blocks is proposed to

carry out target-style image transferring. Besides, Style Coder is applied to support

the pixel-wise image generation. The Style Coder inspired by StyleGANv2 [74]

captures the multi-level features of the target imagefor final synthesis.

Qualitative and quantitative comparison is evaluated to verify the effectiveness

of proposed model. Additionally, a new dataset with images which are composed of

fashion line drawings to test the performance in uninformative dataset. Extensive
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(a) The samples of informative images.

(b) The samples of uninformative images.

Figure 4.1: Samples of the informative images and uninformative images. The upper

image shows the samples of informative images. While the input image is full of

details and there is no pure color exist in big region. Besides, the image is layered.

The under images illustrate the samples of uninformative images. The background

of the input is clean and the color of the input is simple and pure. Besides, there is

no multi-depth in the sketch.
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experiments in both informative and uninformative images show that the proposed

model outperforms the aforementioned models in image details preservation. The

analysis of challenges of uninformative image transferring can be a good reference

for future exploration in the related tasks.

The remainder of this chapter is organized as follows: Chapter 4.3 offers an

overview of related work concerning current techniques in fashion image style trans-

fer. Following this, Chapter 4.4 details the methodology employed by the proposed

network. In Chapter 4.5, The experimental results of the proposed method is pre-

sented to demonstrate its effectiveness. Finally, Chapter 4.6 concludes the chapter

by summarizing the key findings.

4.2 Preprocess Work

As outlined in Chapter 1.2, the primary objective of hand-drawing sketch image

generation was to develop of a fashion hand-drawing sketch generator. Two core re-

search objectives inside this chapter are: the implementation of a landmark keypoint

detection model, and the implementation of a fashion segmentation network.

4.2.1 Fashion Hand-drawing Sketch Generation

To achieve auto fashion hand-drawing sketch generation, the previously men-

tioned keypoint detection model and segmentation model, as discussed in the method-

ology, will be employed. These components are poised to play a crucial role as

intermediate outcomes within the process of hand-drawing sketch generation.

4.2.1.1 Implementation

Since there is no existing dataset that focuses on the front and back classi-

fication, a new sketch dataset that carries this information is collected for model

training. After that, Hrnet is applied to obtain the front and back region of the

sketch as Figure 4.2 illustrates.
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Figure 4.2: Examples of sketch segmentation results. The red region illustrates the

back part and the purple region denotes the front part.

Given that keypoint positioning constitutes vital information for hand-drawing

sketch generation, the fusion of [168] and [188] methodologies ensures accurate key-

point determination within the sketch. As illustrated in Figure 4.3, the provided

samples showcase the successfully identified clothing keypoints through the employed

model.

Figure 4.3: Samples of recognized clothing keypoints.

The final hand-drawing sketch generation is based on the keypoint and the seg-
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mentation map. The scale and position of the garments are calculated by matching

the landmarks of the garment with the keypoints of the human body. The output

image is generated by synthesizing each item into the baseboard in the given order.

Figure 4.4: Samples of hand-drawing sketch generation results.

Figure 4.4 illustrates the samples of hand-drawing sketch generation results.

From the results, it can be shown that the engine achieves good performance.

Figure 4.5: Samples of failed hand-drawing sketch generation results.

Figure 4.5 demonstrates several failure cases in the hand-drawing sketch gener-

ation process. Since the system cannot perform image deformation transformations,

misalignment issues arise when the garment features do not properly match the

model’s body positions. For instance, when the sleeve cuffs do not align correctly

with the model’s arm positions, defective results are produced where the clothing

items improperly positioned relative to the human figure.
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4.3 Related Work

Generative adversarial network [40] is an algorithm carrying out to image

synthesis. There are two key issues that need to address while first is to improve

the quality of generated image while the other is to avoid mode collapse when doing

synthesis. In recent, a set of progressive-like generators [71, 7, 73, 74] have been

proposed to generate image with textures and details. However, these algorithms

need expensive computation cost and detailed datasets. Earth-Mover distance based

GAN [2] is proposed to address the problem of mode collapse. Later, methods

like [42] and [123] have been proposed to stablize the quality of image generation.

For these methods which achieved promising results in image generation, they are

lack of ability of controlling the mode of the generated image when doing image

synthesis.

Style Transfer is a task to generate a new target-like image using linear map-

ping way based on the content information and style information extracted from

the content input and the target input. Gatys et al.[34] firstly proposed a novel

algorithm that the generator using iterative optimisation ways learns the matrices-

wise correlation in deep feature space extracted by pretrained deep neural networks.

While the generated image fuses the content from the content input and style from

the target input to generate positive result, the computation cost is relatively high.

To achieve faster style mixing, single forward neural networks [90, 56, 91, 158, 195]

are introduced to sharply decrease the computation time. Yao et al.[193] adopted the

advantage of single forward network with multi-stroke consideration and proposed

an attention-aware method to improve the quality of generated image. However,

these methods require more or less style images as necessary input. Furthermore,

this type of methods alters the not only texture and details but also color distribu-

tion when doing style mixing. In other words, these methods are limited to transfer

the source images to the target-like images while preserving the color information

of the source image.

Image to Image Translationis to learn a mapping from source domain

to target domain. Recently some researches have achieved promising outcomes.

Pix2pix [62] is the first GAN-based method to transfer the image from two different
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domains. However, it still needs paired dataset to generate images with high quality.

To overcome this, several architectures like cycle-consistency [218] and shared latent

space [107] were introduced. Very recently, algorithms [57, 85, 132] based on these

two architectures have been introduced to improve the quality of image. Though

image to image translation can achieve good quality as well as multi-modal results,

the scenario is limited as the two unpaired dataset are all informative datasets.

Furthermore, there has no research focused on uninformative style transferring cur-

rently.

4.4 Methodology

The main goal is to deal with informative image and uninformative image trans-

ferring. For GAN-related algorithms, the task is to generate vivid image with rich

details like reasonable texture and easily-recognised shape. Several image-to-image

based models [132, 85, 146] work in two information-rich domains like real photo

to paintings, etc. However, as indicated in Figure 4.6, those methods perform not

good enough when the two domains are lack of information.

In order to fix this problem, Gram matrices, which captures the high-level

target-specific style statistics, is adapted to carry out image style transfer. More-

over, several loss functions are applied to help construct the final output. Figure 3.4

illustrates the main structure of generator. In (a), given source image as an input,

the model applies a encoder with residual blocks[47] to extract low-level details as

well as high-level features of the source image. After being transferred by Style-

Transform Block, high-level features maps will be fed into the generator to support

the generation of the target-style like image. Inspired by StyleGAN [73, 74], a Style

Coder C was involved to do style-mixing to assist generator for producing target-like

image. The skip-connection supports the generator preserve the details of source

image. In Figure 3.4 (b), it demonstrates the architecture of multi scale discrim-

inator. Low level features and high level features are both considered when the

discriminator distinguish whether the input image is true or fake.

Encoder In order to get latent feature maps, network based on four residual-
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Figure 4.6: different scenarios when doing image to image style transfer. The top

of the figure illustrates the sample of two traditional informative image domains.

The left hand side is from the real image dataset while the right hand side shows

the artistic image. In the bottom of the figure Aun samples from the uninformative

simple generated images while the other side shows the target image named Fashion

illustration.

based blocks [47] are adopted to extract features from the source image. Ei, i ∈

{0, · · · , N} while Ei is the ith block in residual-based network. Then the extracted

feature maps fi can be written as:

fi =

 E0 (S) , if i = 0

Ei−1 (fi−1) , otherwise
(4.1)

where S means the source image and fi−1 means the output of i− 1th residual

block.

On the other side, an intermediate latent vector was applied [74, 73] for style

refinement. Like the implementation in StyleGANv2, the input z is sampled from

the original latent space Z, then a network composed of 8 fully-connected layers

f : Z → C maps input to intermediate latent space c ∈ C. The dimension of both
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z and c are 512. Style Coder C captures the style in details while feature maps fi

have the latent representation of source images. Both of them will then be utilized

to fed into the generator (depicted as Decoder in Figure 3.4).

Style Transform Block From the previous style transfer methods most mod-

els do style transfer effectively in global representation. Take conditional style trans-

fer [171] as an example, generated images are high-quality with fine details and ra-

tional textures. However the shortcoming is the color distribution of output image

which is so similar as that of the target image, making it unreasonable when com-

paring with the original input. To tackle this problem, inspired by Style-aware [155],

Style Transform Block composed of nine residual convolutional blocks is applied to

transfer the image to the target-like image in latent representation.

Generator Given the multi scale features fi and the Style Coder C, a StyleGAN-

based generator is set as our main generator to carry out mixing style image gen-

eration. In order to transfer the input image to the target style while remaining

the color distribution better, refined convolutional block and skip-connection [149]

are applied in each style block. Furthermore, to obtain stochastic details in final

output, noise inputs are applied in refined style block. The format is shown as:

gi =

 Gi (c0, fN , noise) , if i = 0

Gi (ci, gi−1, fN−i, noise) , otherwise
(4.2)

where Gi is the refined style block in generator, gi is the output of the style block

and ci is the ith part of style vector generated by Style Coder.

At the end of the generator there is an additional convolutional block named

RGB block, which represents the output to the final image.

Loss Functions Adversarial Loss: GANs [40] is an effective tool to help

match the distribution of source image to that of target image by playing an min-

max game. In other words, generator tries to deceive the discriminators through

generating as same distributions of target domain as it can while discriminator learns

to distinguish the differences between real target domain and fake output. Instead

of using prevalent methods [2, 42]which is difficult to achieve balance between this

adversarial loss and other loss in scale, least square adversarial loss [119] is applied

to supervise the generator:
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min
D

VGAN(D) =
1

2
Epdata (x)

[
(D(x) − b)2

]
+

1

2
Epz(z)

[
(D(G(z)) − a)2

]
min
G

VGAN(G) =
1

2
Ez∼pz(z)

[
(D(G(z)) − c)2

] (4.3)

where b = c = 1 and a = 0 in this work.

Inspired by [184, 115], two more feature maps are extracted as guided feature

maps,these two empirical prior are applied to support discriminator to distinguish.

To obtain margin features from image, traditional Sobel kernel is utilized to extract

the margin of the image. Besides the structure difference in various image, texture

difference is another key objective. Although it is challenging to obtain texture

features in traditional RGB channel images, transferring images into luminance

and color information like YUV or Lab domain release the difficulty as the first

channel represents the texture information and the other two channels show the color

information which influences texture little. In order to obtain more information from

shape to details, the multi-scale discriminator is adopted as shown in Figure 3.4 (b)

where the discriminator is composed of several Convolution blocks, to distinguish

input in both low level feature maps and high level feature maps.

Style Loss: Style loss is introduced to capture the high level feature structure

as well as the texture information. Gram-matrices based style loss [34] is adopted

in our work. Given Gram metrices G:

Gl
ij =

∑
k

F l
ikF

l
jk (4.4)

where Gij is the metrices calculated by vectorised feature maps Fik and Fjk in layer l.

Then, mean-squared loss is adopted to measure the style distance between generated

image and target image. Given g as generated image and i as input image, total

style loss is

Lstyle (g, i) =
L∑
l=0

wl
1

4N2
l M

2
l

∑
i,j

(
Gl

ij − I lij
)2

(4.5)

where Nl and Ml represents the number of channels in layer l and number of pixels in

feature maps in layer l, respectively. Gl
ij and I lij are the Gram metrices from multi

scale feature maps extracted by encoder from generated image and target image,

respectively. While it is an trade-off that the generated image should be shown as
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similar to both target image and content image, only style loss is calculated in the

deepest feature maps.

Content Loss: Content loss is utilized to preserve the global structure of the

input image. Mean square loss is adopted to calculate the distance of deep feature

maps extracted by content extractor. Content extractor is defined as CB. Loss is

written as:

Lcontent = (CB (G (I)) − CB (I))2 (4.6)

where G (I) and I is generated image and input image, respectively.

Total Variance Loss: Due to the specific characteristics, the frequency informa-

tion of painting images is different from that of real photo, which makes it difficult to

generalize. To maintain the continuity of the image, total variance loss was adopted

to decrease the probability of unwanted noise. The loss function is illustrated as:

Ltv =
1

H ∗W ∗ C
∑
i

∥∇x (G (i)) + ∇y (G (i))∥ (4.7)

where H,W,C means the height, width and channel, respectively. i means each

pixel in the image and ∇ means the direction of the axis.

Full Structure: Overall our model can be illustrated as a network composed of

encoder, style transformer, generator and an multi-scale discriminator. The full loss

function is used to optimize generator in high level features as well as textures and

details representation. The formulate is shown as:

Lfinal = λ1 ∗ Lmulti-adv + λ2 ∗ Lstyle + λ3 ∗ Lcontent + λ4 ∗ Ltv-loss (4.8)

where λ1, λ2, λ3, λ4 are hyper-parameters which could be modified to generate

various style images.

4.5 Experiments

Due to the limited size of the dataset, an early stopping strategy was em-

ployed during training to mitigate the risk of overfitting. Extensive experiments on
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(a) informative images (b) uninformative images

Figure 4.7: Sample of images from Place365 (real photo), artworks, BeautyU (il-

lustrations) and sketches, respectively. Figure (a) shows the samples of informative

images and Figure (b) shows the samples are uninformative images.

state-of-the-art cycle-consistency [218] based models i.e.GDWCT [15], MUNIT [57],

DRIT [85], CycleGAN [218] and style-transfer based models like Style-aware [155]

and our model were conducted to evaluate the performance in both informative

dataset and uninformative dataset. Training performance and general results anal-

ysis in both informative and uninformative domains are presented in the following

part.

4.5.1 Implementations

For optimization problem, Adam [78] algorithm was adopted in both generator

and discriminator with β1 = 0.5, β2 = 0.999. The initial learning rate for generator

and discriminator are lrg = 10−4 and lrd = 10−5, respectively. The batch size was

set as 2 and the model was trained with about 100000 epoch or until was reached

convergence.

Hyper-parameter The default hyper-parameters were set as: λ1 : 1, λ2 :

100, λ3 : 100, λ4 : 1e−2 while the multi-scale weights in adversarial loss were all set

as 1. The default parameter is based on the training dataset which has high bias

in real domain and target domain. Refined parameters were used in other domain-

based scenarios to ensure satisfactory performance.
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Dataset Images is sampled from Places365[212] training dataset as our source

domain. For target domain, the collection of Cezanne and Van Gogh images is

adopted from WikiArt 1. For source domain there are over 300000 images while

there are 999 images in target domain. To get more images in target domain,

data augmentation like rotation and flipping were used to help create ”new artis-

tic image”. Images shown in this paper are sampled from testing image dataset

of Place365. For validation dataset, several images sampled from Place365 testing

dataset is applied to measure and compare. In order to obtain high-resolution im-

ages, all images in two domains were resized to 512∗512 resolution. For the purpose

of uninformative image style transfer, 5817 samples were used in both BeautyU and

in single sketch dataset. For those uninformative datasets, the size of images is set

as 384∗256 which is the same as the size of the images in BeautyU. Figure 4.7 shows

the sample of each dataset.

4.5.2 Qualitative Comparisons

Figure 4.8 illustrates the comparison between the four benchmarked methods

and our method in informative domain image style transfer. Due to the effectiveness

of skip-connection, the image generated from our method has clear contours and

details. For images generated by style image guided algorithms, from the aspect of

style, generated images contain rich information of texture. However, they inevitably

have the color information from guided images, which is opposite to our expectation.

For unsupervised algorithms such as MUNIT and DRIT, while they capture both

content and style latent representation of target images, the outputs lose the color

information in style transferring process. For image-guided algorithm GDWCT, it

is difficult for outputs to obtain the style of target images. Furthermore, to obtain

color-invariant generated images is another challenge.

1https://www.wikiart.org/
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Figure 4.8: Qualitative comparisons on informative style transfer. To get the stroke

of the target domain as well as remain the global structure of the content image, Our

models outperforms other models in details preserving as well as style representation.

For Style-aware, the content of the generated image lose much that the contour of

the image looks messy.

4.5.3 Quantitative Comparisons

Frechet Inception Distance (FID) [48] which is an algorithm to calculate the

Frechet distance between two Gaussian-Mixed based probabilities is adopted in this

work as it is an ideal distance to evaluate how close two probabilities are and evaluate

the quality of generated images. As is illustrated below:

FID = ∥µg − µt∥2 + Tr
(

Σg + Σt − 2 (ΣgΣt)
1
2

)
(4.9)

where in the format Vg ∼ N (µg,Σg) and Vt ∼ N (µt,Σt) demonstrate the

mean and variance of two vectors of generated and target images extracted from
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pre-trained Inception-v3 [172] model, respectively. The lower the FID scores, the

better quality the image synthesize as well as better performance the model has.

Model Resolution FIDphoto FIDpaint LPIPS

Style-aware [155] 512*512 161.99 96.78 0.583

DRIT [85] 512*512 139.55 106.20 0.749

MUNIT [57] 512*512 78.82 84.73 0.663

GDWCT [15] 512*512 29.76 112.08 0.836

CycleGAN [218] 512*512 20.00 130.12 0.78

Ours 512*512 133.83 105.99 0.632

Photo 512*512 \ 157.36 \

Table 4.1: Table illustrates the FID distance as well as LPIPS scores between the

real photo dataset and painting dataset. The lower score indicates better stylization

results. The aim of the task is to get lower score from photo dataset as well as

from painting dataset while it is an trade-off. For LPIPS, lower score means the

generated image is more similar to the original image. In other words, the lower

score means the better the generated image preserve details. While our model is not

achieved the best result in all measurements, it achieves the balenced FID scores

and the second best result in LPIPS.

Furthermore, a evaluation algorithm named Learned Perceptual Image Patch

Similarity [203] is also adopted to measure the quality of generated images in our

work. In Table 4.1 Three cycle-consistency based models obtain the best three FID

scores in the photo domain, and their scores in the painting domain are relatively

high. Meanwhile, since their scores in the paint domain are relatively low, this

indicates that these methods cannot effectively carry the style of the paint images.

In other words, FID scores are relatively more important in the painting domain

compared to those in the photo domain, because the generated images need to carry

the style. Our model obtains relatively low FID scores when compared with other

methods, which means that our model can capture the latent style representation

from the target images. MUNIT obtains the lowest FID scores in both photo domain
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and painting domain. However, the change of color distribution is undesirable.

Furthermore, extremely low FID scores in real datasets mean the model changes little

in the source image. With relatively lower scores compared with other methods, our

method preserves the details of the content images. For LPIPS, our method and

Style-aware obtain the best two scores, which means that the generated images

from Style-aware and ours outperform the other methods in semantic structure

representation.

4.5.4 Ablation study

In order to carry style transferring while preserving the color information. Regu-

lar encoder-decoder structure model Style-aware [155] with multi-scale discriminator

is utilized as our baseline. Several components were added into our model for the

sake of higher-quality image generation. Outputs generated with or without these

blocks are compared to evaluate the effectiveness of them.

In Figure 4.9 (b) the images are generated with normal GAN loss. There

is irrational color distribution on the whole image. Besides, the tree in the first

image is in mess, which means the model is limited to transfer some objects. As

the structure representation of the (b) is similar with the input, this means that

the skip-connection can catch the low frequency information and high frequency

information. However, it preserves the details of the content image so good that

it cannot catch the style of the target images. In Figure 4.9 (c), output images

are generated by the model when it trained without adding the noise. The color

distribution of generated image is shifting when comparing with the input. Besides,

mode collapse appeared in several places like the branch of the trees and the top of

the car. Images generated from the full model alleviate the color difference while

learning the latent representation of style image.

In addition to image demonstration. Table 4.2 illustrates the FID distance and

LPIPS scores among three models. Model (b) obtained the highest FID distance in

real dataset and LPIPS scores, which means that preserving the content of the source

image and the style of target image is limited. For model (c), while it achieved the

best result of LPIPS scores, the FID distance between real dataset and generated
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Figure 4.9: Ablation studies with or without some components. From the figure

(b) while it performs well in the under image, there are some irrational black lines

on the trees. For (c) two images are not realistic, and for the upper image there is

black blob in some places.Also, the color distribution is not as natural as original

image. For our model the generated image has more realistic color distribution as

well as the painting-like stroke.

Model FIDphoto FIDpaint LPIPS

(b) w/o Sq.loss 149.23 170.26 0.633

(c) w/o Noise 71.54 141.66 0.468

(d) Full Model 133.83 105.99 0.632

Photo \ 157.36 \

Table 4.2: Table illustrates the FID distance and LPIPS scores between the real

photo dataset and painting dataset in ablation study. According to the table4.2,

(c) obtained the lowest distance in FID-photo and LPIPS scores. This means (c)

changed little of the input image. The full model obtained the best result in FID-

paint, which means the model captured the style of the target images.
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images is relatively low and that between paint dataset and generated images is high.

This means the ability of style transferring is ineffective. The full model gained

lowest FID distance between paint dataset and relatively high distance between real

dataset. It indicates the model captured the style of the target image and preserved

the information of source image well.

4.5.5 Analysis on Uninformative Dataset

From the human vision perspective, some images generated from existing algo-

rithms can deceive the expert in a certain extent from layout to texture and color

distribution. Those well performed image transferring models stand with two infor-

mative image domains. In other words, there is little research focused on uninfor-

mative image transfer. For our images which belongs to uninformative domain, the

aforementioned five algorithms and ours are compared and the result is illustrated

in Figure 4.10.

In Figure 4.10 the above methods perform not well in this task. For the four

cycle-consistency based image translation methods (MUNIT, GDWCT, DRIT and

CycleGAN), CycleGAN preserved the content of the source image in this scenario,

but the style of the generated image changed little. For the other three aforemen-

tioned methods, mode collapse more or less appeared when they carry out image

synthesis. In Figure 4.8, DRIT can carry the style of target domain. However, it is

limited to preserve the content of the input image. For MUNIT and GDWCT, while

the generated images somehow capture the style representation of target image, the

color and full shape of the body in images are out of control. For Style-aware, the

strokes in the images are different with both that of input images and that of target

images. It has thick, straight lines, which is same as its performance in real-painting

image transfer, instead of thin and curve lines. However, this method preserves body

shape well. For our model, it preserves well in details in content domain but still

lack of style representation from the target domain. Moreover, the output has blurry

background, which decreases the quality. Due to the noise-adding structure inside

the generator, the model tends to add some unexpected blurring in the background.

In order to remove those unexpected blurring, two more methods are proposed. One
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Figure 4.10: Uninformative style transfer. For the first three algorithms there is

more or less mode collapse. Images generated from the latter three algorithms

changes little from the original domain but stroke and color distribution.

method is to use mask to extract the main part and removing the other region to

white clean. The other method is to combine the input with its mask to generate

new 4-dimension input. And the new input will be fed into the network. In the

latter way the added mask can be seen as a white-box attention. Figure 4.11 shows

its results. It is noted that in the third and the fourth line the generated image

is background-clean. However the model cannot learn the layout and stroke of the

target image. For the former method, using mask to get foreground is easy to under-

stand that the interest region is the same as that of mask. In other words, only the

region of interests remains. For the latter method, while the channel of mask shares

the region of interests, it supports too much about the ability of shape generation

and limits the style of image synthesis.
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Figure 4.11: Methods to clean the background from the image generated by our

method. For the third and fourth line the background is cleaned while the stylish

of generated images are limited.

4.6 Chapter Summary

In this chapter, the details of hand-drawing fashion sketch image generation

and a novel method MiniGAN is proposed. The main structure of MiniGAN is a

encoder-decoder network with style transferring module. StyleGAN-like modulated

convolution layers is applied to facilitate the representation of content. Multi-scale

gan loss and variational loss are applied to strengthen the quality of generated

images. Qualitative and quantitative results show that this method can generate

images with target style when the dataset belongs to informative dataset. For

uninformative data, the proposed method performs well in details preservation but

still not satisfying enough in preserving style which will be the future work.
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Chapter 5

ID-preserved Fashion Domain

Image Translation

To manage the task of real-to-illustrative style transfer of fashion illustrated

in Chapter 3.4, Image-to-image (i2i) translation has achieved notable success but

remains challenging in this specific scenarios. Existing methods focus on enhanc-

ing the generative model with diversity while lacking ID-preserved domain trans-

lation. This Chapter introduces a novel model named Uni-DlLoRA to release this

constraint. The proposed model combines the original images within a pretrained

diffusion-based model using the proposed Uni-adapter extractors, while adopting

the proposed Dual-LoRA module to provide distinct style guidance. This approach

optimizes generative capabilities and reduces the number of additional parameters

required. In addition, a new multimodal dataset featuring higher-quality images

with captions built upon an existing real-to-illustration dataset is proposed. Exper-

imentation validates the effectiveness of our proposed method.

At the same time, this proposed method successfully enables image transfer

from the real domain to the illustrative domain, as demonstrated in Part B of the

framework 3.1 in Chatper 3. This advancement not only enhances the overall frame-

work’s capabilities but also significantly improves designers’ workflow efficiency.
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5.1 Introduction

The advancement of generative models has revolutionized the field of computer

vision, particularly in fashion, where the creation and manipulation of images play a

pivotal role[8, 43, 160, 67]. Fashion synthesis [221, 77, 41, 214, 70] has emerged as a

dynamic area of research, encompassing a spectrum of applications from virtual try-

on to appearance and pose transfer. Despite these advancements, the translation of

fashion images between distinct domains, such as illustration and realism, remains a

challenging topic. This translation is critical for fashion creation and understanding

the nuanced interplay between style and content in fashion imagery.

Recent works have begun to explore the synthesis of fashion images, with

StylishGAN [225] introducing a dataset that bridges the gap between real and illus-

trated fashion domains. However, existing methods of fashion image synthesis, while

making significant strides, exhibit several limitations: (1) Lack of Dataset Quality:

Current fashion illustration datasets often suffer from low resolutions and the pres-

ence of backgrounds in real domain images, which hinder the training of models to

focus on fashion items exclusively. (2) Inadequate Style Capture: Existing genera-

tive models struggle to accurately capture and replicate the specific stylistic elements

of fashion items, particularly when translating between domains with distinct visual

characteristics. (3) Limited Style Control: Text-based style transfer methods lack

precise stylistic control, resulting in inconsistent and less realistic outputs due to

the insufficiency of textual descriptions to convey complex visual styles. (4) Style

Adaptation Challenges: Although several methods[52, 157] mitigate catastrophic

forgetting with low-rank matrices, they struggle to learn specific styles due to poor

alignment between condition information and the model’s internal knowledge.

To this end, Uni-DlLoRA, a novel approach that focuses on the fine-tuning of

diffusion models is presented for fashion image synthesis and improving style dis-

entanglement. SwinIR [94] and LDSR [148] are utilized to enhance the resolution

and clarity of images in the StylishU dataset by performing super-resolution. The

caption of each image is extracted by BLIP [89] and refined by fashion experts for

text-conditioning. Our method, Uni-DlLoRA, is designed to address the limitations

of current techniques by incorporating image-conditioned information using the pro-
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posed Uni-adapter and adapting the UNet denoiser with the Dual-LoRA module to

better capture spatial and textural details from both real and illustrative domains.

Uni-DlLoRA enables the seamless translation of fashion images while preserving

their essential visual features and stylistic elements. Style features are disentangled

from the target images or domains and integrated into the source images to achieve

stylistic consistency. Qualitative and quantitative comparisons with state-of-the-art

methods demonstrate the effectiveness of Uni-DlLoRA. All in all, the contribution

of this chapter can be summarized as:

• This article highlights a novel method that fully applies a Uni-adapter to

extract latent features from input images and enhances learning in fashion

image translation through the novel Dual-LoRA module.

• The article presents a new dataset in response to the existing challenges in

the fashion field, which features graphics with better resolution and accurate

textual information.

• Additionally, an innovative training method successfully generates images full

of detail while effectively disentangling the content and style of the images.

Detailed experiments describe the effectiveness and practicality of the method.

5.2 Related Work

5.2.1 Fashion Image Synthesis

Fashion synthesis is a burgeoning research domain within the expansive realm

of computer vision. In particular, numerous approaches [45, 18, 87, 220] focus ex-

tensively on virtual try-on, a process that involves transferring desired clothing

onto a specific person. Other studies [116, 144, 5] concentrate on appearance and

pose-guided transfer. Recently, image editing has gained popularity, with several

methods [66, 207, 221, 65] focusing on the editing of specific elements onto clothing.

Some of these methods like SGDiff [169] have achieved significant results through

the use of diffusion models, enabling text editing to become a reality. Nevertheless,
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the translation of fashion images between illustration and real domains remains rela-

tively unexplored compared to other areas within the fashion industry, despite being

an important process in fashion creation. StylishGAN [225] first introduced this task

into the field of computer vision and developed a dataset containing fashion images

from both real and illustrated domains. However, there is still room to improve the

quality of the dataset and the generative model.

5.2.2 Fashion Image-to-Image Translation

Image-to-image (i2i) translation is a widely studied and popular research topic

introduced by Isola [62]. The main goal of this task is to accurately and effectively

translate an input image into an output image while preserving important visual

features and details. This can be used for various applications such as style trans-

fer [34] and image synthesis [218]. Several methods [108, 21, 11] apply a content

image and a style reference image to create an image that captures the style of the

reference while retaining the content of the original during the generation process.

However, the texture and color of the style images are hard to disentangle. Though

AAST [54] proposed a model that transfers the images to the target domain while

considering the texture and aesthetic, blurred background exists during generation.

Other methods [132, 102] tried to transfer the style images to the certain style with

pre-trained networks, but failed to transfer uninformative images [225] to another

domain.

Afterwards, text-driven image-to-image translation has gained traction, with several

methods [176, 134] achieving significant results by leveraging powerful generation

models such as the diffusion model. However, the utilization of text-driven informa-

tion is constrained in effectively conveying styles or emotions, as objects are easily

described, while styles are challenging to articulate in words.

5.2.3 Fine-tuning based on Diffusion Models

The diffusion models [148, 153] have recently gained significant popularity and

fine-tuning models based on them are widely used for downstream tasks. How-
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ever, the over-fitting and mode collapse exists while training the neural network

with additional training data. Extensive research paid attention to avoiding such

issues. For instance, Dreambooth [151] and Textual Inversion [33] customize the

content in the generated image by fine-tuning the image diffusion model with a

small set of user-provided example images. However, fine-tuning the entire model

has a high computational cost. Lora-Rank Adaptation (LoRA) [52] noted that over-

parameterized models exist within a low intrinsic dimension subspace, and thus this

method prevents catastrophic forgetting by obtaining information on the parameter

offset using low-rank matrices. However, learning specific styles applying LoRA can

be challenging. Based on substantial results obtained by adapter methods adopted

in pretrained model [141, 166] in several downstream tasks, T2I-Adapter [125] and

Controlnet [200] adapt Stable Diffusion to different external conditions and learn the

alignment between condition information and internal knowledge, achieving solid re-

sults. However, T2I-Adapter finds it challenging to learn the style, while ControlNet

struggles to strike a balance between model capability and computational cost.

5.3 Methodology

5.3.1 Preliminaries

The Stable Diffusion (SD) is a text-to-image model known for its strong per-

formance in generating images from text and images. It comes with pretrained

checkpoints, making it the chosen backbone model. The diffusion model consists

of two major modules: Autoencoders [178] and a modified UNet [149] denoiser. In

the training process, the autoencoder within the whole network will be utilized to

encode the images into a latent space, and the latent features will be deliberately

noised in a step-by-step manner. After this stage, the modified UNet denoiser is

trained to denoise the latent features step by step. The optimization of denoising

could be written as:

L = Ex0,c,ϵ,t

(
∥ϵ− ϵ̂θ (atx0 + σtϵ, c)∥22

)
, (5.1)
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where x0 denotes the input latent features and c illustrates the optional conditional

informaition. ϵ ∈ N (0, I) represents the added noise and xt = atx0 + σtϵ denotes

noised input latent features in step t. ϵ̂θ represents the predicted noise from UNet

denoiser with conditional informaiton c according to the Classifier-Free Guidance[50]

in the training stage:

ϵ̂θ (xt, c) = ωϵθ (xt, c) + (1 − ω)ϵθ (xt) , (5.2)

where ω is a guidance weight. After the denoising stage, the final image is generated

from the cleaned latent features x̂0 during the decoder part of the Autoencoders.

For inference, the latent features xT , whether originating from random noise or

noised input latent features, become progressively clearer as the predicted noise ϵ̂θ

is applied at each step t to denoise the latent features, transforming xT into x̂0 with

equation:

x̂T−1 =
1

√
αt

(
xT − 1 − αt√

1 − ᾱt

ϵ̂θ (xT , c)

)
+ σtz (5.3)

where z ∼ N (0, I) denotes the gaussian noise. To capture the textual informa-

tion during the denoising stage, the pretrained CLIP [137] is applied to embed text

prompts into a sequence of vectors cv in the latent space. These vectors are then uti-

lized by the cross-attention module inside the UNet denoiser to aid in the denoising

process. The equation can be written as:

CrossAttention (q,k,v) = softmax

(
qkT

√
dk

)
· v (5.4)

where q = wqϕ (x̂t) ,k = wkτ(cv),v = wvτ(cv). ϕ(·) and τ(·) denotes the embed-

ding matrices inside the module and wq,wk,wv represents the weight of projection

matrices.

5.3.2 Diffusion Model with Image Conditioned

For the basic diffusion model in the T2I task, the textual information will be

embedded firstly into the latent space by pretrained CLIP[137] and then fed into the

cross-attention module inside the UNet denoiser. The generated results are unstable

when the input consists solely of text, as text struggles to convey spatial information

effectively. The lack of alignment in the results arises from the inherent difficulty
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Figure 5.1: Detailed training process: The mixed conditional embedding is sent to

the modified U-Net denoiser for various tasks. An illustration adaptation module is

inserted for the synthesis of illustrative images, while a real adaptation module is

employed to synthesize real images.

of text in offering precise external control. To effectively capture both texture and

spatial information, hidden details are extracted from the source image using a novel

multi-layer module named Uni-adapter, as depicted in Figure 3.5. Inspired by T2I-

Adapter [125], the pixel unshuffle [159] operation inside the extraction module is

firstly applied to downsample the input. The multi-convolutional layers including

two residual blocks are then applied to extract the unshuffled features and multi-

scale features will be obtained as: fc = {fc1 , fc2 , fc3 , fc4}. Due to the alignment of

latent features from two same-structure extract modules, the equation for the mixed

conditional embedding is:

fci = ϕEi
I

(x0, θ) + ϕ∗
Ei

S
(s0, θ) , i ∈ {1, 2, 3, 4} (5.5)

5.3.3 Style and Content Disentanglement

The extraction of style from target images or domains, followed by its integra-

tion into source images, is significant within the context of the style transfer task.
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Inspired by [81], two separate style adaption modules named Dual-LoRA were in-

serted in the UNet denoiser to capture the styles in different domains. As shown in

Figure 5.1 (c), full-rank dense layers within the module that perform matrix mul-

tiplication are integrated into the pretrained UNet denoiser to adjust the style of

the synthesized image. Specifically, the inclusion of parameters in both the image

feature extractor and the fixed sketch feature extractor enhances the model’s ability

to extract spatial and textural information from the input. Specialized style adap-

tation modules with learnable parameters are inserted into the UNet denoiser to

aid in refining the style of the synthesized images, as well as in content and style

disentanglement. Unlike simple LoRA [52], two separate style adaption modules

within Dual-LoRA are applied to assist specific noise prediction with an equation

at each step t:

x̂rt−1 =
1

√
αt

(
x̂rt −

1 − αt√
1 − ᾱt

ϵ̂θr (x̂rt , fc, θr)

)
+ σtz

x̂it−1 =
1

√
αt

(
x̂it −

1 − αt√
1 − ᾱt

ϵ̂θi (x̂it , fc, θi)

)
+ σtz

(5.6)

Specifically, the predicted noise in the process can be written as:

ϵ̂θr (x̂rt , fc, θr) = ωϵθ (x̂rt , fc, θr) + (1 − ω)ϵθ (x̂rt , θr)

ϵ̂θi (x̂it , fc, θi) = ωϵθ (x̂it , fc, θi) + (1 − ω)ϵθ (x̂it , θi)
(5.7)

where ϵ̂θr and ϵ̂θi denotes the predicted noise for real style and illustration style

images reconstruction, respectively. ϵθ (·, θr) and ϵθ (·, θi) represent the basic UNet

denoiser adding real-style adaption module and illustration-style adaption module,

respectively.

5.3.4 Training Objectives

As discussed in Section 5.3.1, the diffusion algorithm progressively adds the

Gaussian noise into the original image x0 with t times and obtains noisy image xt.

The diffusion models will implicitly learn to reconstruct an image from the noisy

image by predicting the added noise depending on the timestep t and task-specific

conditions ct. During the training process of our proposed method, images in the
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real domain are utilized as conditions to provide spatial and texture information,

as depicted in the figure 5.1. Given that two separate style adaptation modules are

implemented within the UNet denoiser to aid individual noise prediction, a dual loss

can be formulated throughout the entire training process as follows:

Ldual = Exi0,fc,ϵi,t

(
∥ϵi − ϵ̂θi (xit, fc, θi)∥22

)
+ Exr0,fc,ϵr ,t

(
∥ϵr − ϵ̂θr (xrt, fc, θr)∥22

) (5.8)

where Ldual is the overall training objective of the entire diffusion model. This ob-

jective is directly applied in finetuning diffusion models with an image extractor and

Dual-LoRA modules. ϵi and ϵr represent the added noise for images in the illustra-

tion domain and real domain, respectively. The parameters within the pretrained

UNet denoiser are fixed during the training process.

5.4 Experiments

5.4.1 Implementations

Network Architecture. Diffusion models denoise the image by applying the

conditions from the prompt and the given image. However, the generated image

often lacks a strong correlation with the conditional source image owing to the

prompt typically not conveying precise semantic information and struggles to per-

fectly match the spatial and textural details from the image (as shown in Figure 5.2).

Two adapters, namely the image feature extractor and sketch feature extractor, are

applied to carry the multi-scale spatial and texture information from size 64 × 64

to 8× 8 that match the spatial size of the feature maps inside the UNet denoiser to

address this issue. In pursuit of style disentanglement, two distinct style adaptation

modules are employed to refine the style of image generation. DDIM [165] is applied

to accelerate the inference process.

Dataset. In this study, there are rarely fashion illustration paired datasets. [225]

gathered a dataset StylishU that comprises 3567 paired images consisting of real pho-

tos and hand-sketch illustrations. However, the resolution of the images is relatively

low, and they contain backgrounds within the real domain images. SwinIR [94] is
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a woman in a blue 
pants and a brown top 
with a ruffled neckline 
and a brown top with a 
blue belt.

a woman in a green
dress with a brown belt 
and sandals on her feet, 
with a white 
background.

a woman in a dress 
with a flower on the 
shoulder and a long 
skirt with a bow.

Figure 5.2: The StylishU-SR dataset includes runway images, paired illustrative

images, and captions.

initially utilized in conjunction with LDSR [148] to perform a super-resolution ver-

sion StylishU-SR, thereby obtaining images with a resolution of 512 × 512. During

the training process, 3467 high-resolution paired images are used as the training

dataset, while the remaining 100 paired images are designated as the test dataset.

The textual caption of each image is extracted by BLIP [89] and refined by fashion

experts for further research.

Training Details. The stable-diffusion v1-5 was utilized as the backbone diffusion

model. Considering the potential semantic disparity between textual and image in-

formation, as shown in Figure 5.2, None Prompt is provided to the UNet denoiser,

while the extracted mixed conditional embedding fc in Equation 5.5 serves as the

sole condition during the training process. The proposed model was fine-tuned on

the paired dataset using the AdamW optimizer with a learning rate of 5e−6. The

batch size was set to 8, and the A100 was utilized to train the proposed model for

100,000 iterations. The pretrained PIDNet [187] was employed to extract the sketch

from the input images, with the threshold set to 0.5. The parameters of the sketch

feature extractor were kept fixed with pretrained weights obtained from training

data of COCO17 [103]. Regarding the style adaption modules, the linear encoder-

decoder layers with rank=16 are set within the UNet denoiser. To ensure clean

background generation, the initial noise will be combined with latent features [122]

extracted from images by pretrained Autoencoders.
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Baselines. The original image is utilized as the conditional information for per-

forming fashion image style transfer. The proposed method is compared with sev-

eral state-of-the-art methods, including some GAN-based [218] and diffusion-based

fine-tuning [52, 125, 200] methods, both qualitatively and quantitatively. The per-

formance of fine-tuned original Stable diffusion (SD)[148] is also evaluated. The test

set of the StylishU-SR is applied to the performance of the generated results from

each method.

Metrics. Following the general practice, four metrics including FID [48], LPIPS [203],

CLIP-image [137], and CLIP-aesthetic [156] are applied to evaluate the quality of

the generated images for comparison our method with the SOTAs. While the FID

score and LPIPS score focus on the latent feature distance between ground truth and

generated images, the FID score emphasizes the overall distribution, while LPIPS

calculates the distance between each pair of generated images and corresponding

ground truth. It is worth noting that, due to the limited number of test datasets,

the FID score reported in this article is derived from latent features extracted by

the first block of the pretrained CNN, which is denoted as FID64. Since this score

is based on low-level features, it is more concerned with the similarity between the

generated image and the ground truth’s underlying features. For these two crite-

ria, the lower the FID and LPIPS scores, the higher the synthesized image quality.

Conversely, the CLIP image assesses the cosine similarity between the ground truth

and synthesized images, where higher scores denote better alignment. Similar to the

CLIP image, the CLIP-aesthetic predictor applies CLIP embeddings with an MLP

layer to predict the average preference for an image. Higher scores indicate better

results.

5.4.2 Quantitative Comparisons

Quantitative Comparison: Table 5.1 illustrates the quality of synthesized

images between our method and other state-of-the-art methods. For diffusion-based

models, our proposed method outperforms the others in terms of the LPIPS scores.

The FID score of the images from our method also achieves the best results in

diffusion models, which means the generated images are of higher quality than those
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Table 5.1: Qunatitative evaluation and comparison with several SOTA methods.

Methods
Metrics

FID64 ↓ LPIPS ↓ CLIP-image ↑ CLIP-aes ↑

CycleGAN 0.454 0.206 86.776* 5.322

SD(add text) 2.677 0.298 74.748 5.598*

LoRA(add text) 0.605 0.233 81.530 5.638

SD-finetuned 0.586 0.586 83.122 5.448

ControlNet 2.078 0.216 85.863 5.415

T2I-Adapter 0.762 0.216 85.221 5.305

Ground Truth — — — 5.398

Ours 0.557* 0.209* 87.677 5.407

The bold text denotes the best result. And the second-best results are denoted with *.

Table 5.2: Time and memory consumption of image synthesis

SD SD w. LoRA Adapter ControlNet Ours

Speed(UNet) 8.13it/s 7.70it/s 8.31it/s 5.51it/s 7.93it/s

Flops(UNet) 1.36TF 1.37TF 1.36TF 1.83TF 1.37TF

Parameters 4067MB 4080MB 4362MB 5445MB 4668MB

from other methods. CycleGAN achieves favorable results on these two criteria

by introducing only minor changes, though it does not fully capture the style of

the illustrative image. This will be discussed in more detail in the User Study

section. CLIP-image is a criterion that evaluates the quality of the synthesized

images; our method performs better than the others, indicating that it carries more

of the illustrative style. For CLIP-aesthetic, the score from our method is higher than

that of Adapter and CycleGAN but lower than those of ControlNet, LoRA, and SD

with text. The reason for this is that this criterion is derived from feature maps based

on the pretrained CLIP model on the LAION-5B dataset, which contains a larger

proportion of real images. The scores are assigned based on these real images, which

can lead to a shift in scoring. On the other hand, the scores obtained by our method

are closer to that of the ground truth, indicating that the synthesized images from

our method more closely resemble the ground truth compared to those from other

methods. Table 5.2 denotes the details of consumption. Image synthesis tests were
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conducted on a single RTX 3090 GPU with the resolution of the synthesized images

set to 512×512 pixels. The model parameter sizes are calculated based on a float32

precision format. As shown in the table, the inference time and computational cost

of our method is significantly shorter than that of ControlNet’s, and slightly longer

than those of the Adapter and the baseline model. However, the usage of the time is

comparable. In terms of memory usage for parameters, our method requires slightly

more memory than the basic Stable Diffusion and T2I-Adapter, but much less than

ControlNet. This is because the style adaptation module in our method has far

fewer parameters than the extra UNet Denoiser. In summary, our proposed method

requires only a small amount of extra memory compared to Stable Diffusion and

can generate high-quality images with an illustrative style on a home-use GPU.

5.4.3 Qualitative Comparisons

The generated results include CycleGAN [218] for GAN-based models, and

for diffusion-based models, including pretrained Stable Diffusion (SD), Fine-tuned

SD [148], SD with LoRA [52], ControlNet [200], and T2I-Adapter [125], along with

results from our method for comparison. Pretrained Stable Diffusion (SD) has zero-

shot capabilities but cannot perform style transfer independently; text prompts are

adopted for its synthesis. Similarly, prompts are also adopted for Fine-tuned SD

and SD with LoRA. Figure 5.3 illustrates the comprehensive qualitative compari-

son. Generally speaking, images generated by T2I-Adapter, ControlNet, and our

method are able to capture the illustrative style, while CycleGAN and SD with

LoRA struggle to alter the style of the source image. Since the pretrained SD learns

the illustrative style from a universal dataset, it cannot accurately capture the spe-

cific illustrative style of a real designer. Specifically, all methods can preserve the

appearance of the input image in each row. However, results from CycleGAN strug-

gle to modify the style of the images, whereas the generated images capture the style

of the real images and appear more realistic when compared with illustrative im-

ages. The images generated from fine-tuned Stable Diffusion, Stable Diffusion with

text, and Stable Diffusion with LoRA are able to capture the semantic information

from the input images. However, they lack the detailed nuances of the illustrative
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Input CycleGAN Ft. SD SD w. LoRA Adapter ControlNet OursSD w. text GT

(a)

(b)

(c)

(d)

(e)

(f)

(g)

Input CycleGAN Ft. SD SD w. LoRA Adapter ControlNet OursSD w. text GT

Figure 5.3: Qualitative comparison between Uni-DlLoRA and other state-of-the-

art approaches. From left to right, the displayed results correspond to CycleGAN,

Stable Diffusion (SD), fine-tuned SD, SD with LoRA, T2I-Adapter, ControlNet, and

our method, respectively. The text caption is utilized for content synthesis in SD,

fine-tuned SD, and SD with LoRA, while the prompt ’illustrative style’ is used for

style guidance in both SD and fine-tuned SD. The figure is best viewed when zoomed

in.
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Figure 5.4: User study. The table on the left represents the G2R score, while the

table on the right illustrates the SCR score.

style. Additionally, the generated images do not integrate harmoniously with the

overall composition. For instance, see rows (b) and (c): the resulting images appear

rigid and exhibit a discernible style conflict when compared with the ground truth.

In terms of the generated results from the T2I-Adapter, ControlNet, and our own

model, all are capable of conveying the illustrative style while maintaining the ap-

pearance of the runway model. However, the T2I-Adapter and ControlNet may fall

short in replicating the intricacies of the clothing. For example, there is a slight color

shift in the results from the T2I-Adapter evident in rows (b) and (d). Additionally,

the clothing details exhibit variations in row (c). As for the images generated by

ControlNet, while they effectively capture the style and general appearance, there is

potential for improvement in clothing details, such as the red attire in row (c) and

the gray clothing in row (a).

5.4.4 User Study

Since the evaluation of illustrations is often abstract and subject to many human

perceptions, the opinions of 100 human participants will be used as the standard

for assessing effectiveness. A user study was conducted to assess the abstract qual-

ity of the results from our method compared to those obtained by other methods.
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Table 5.3: Qunatitative comparison between each component.

Methods
Metrics

FID64 ↓ LPIPS ↓ CLIP-image ↑ CLIP-aes ↑

Baseline (SD) 2.677 0.298 74.748 5.598

Uniadapter 0.814 0.214 83.789 5.291

Uni-SgLoRA 0.749* 0.213* 84.814* 5.356

Full Model 0.557 0.209 87.677 5.407*

The bold text denotes the best result and the second-best results are denoted with *.

Two approaches are adopted for this evaluation. The first employs G2R metrics,

as mentioned in the research by Zhu et al. (2019) [223], which measures the per-

centage of generated images classified as ground truth (illustrative images). The

second criterion involves the scores assigned to the highest-quality results by the

participants. They are instructed to base their evaluations on the ability of each

competing approach to produce accurate clothing and an illustrative style. This is

quantified using another metric named SCR, defined as the percentage of images

considered the best among all the models. Higher values in these three metrics in-

dicate better performance. For the R2G metric, 35 real images and 35 generated

images are randomly selected and shuffled. The first 10 of these are used for par-

ticipant practice, while the remaining 60 images constitute the evaluation set. For

the SCR metric, 30 generated images derived from 30 different real images are used

for each method. Participants are then asked to choose one of the images as the

best in quality. The comparative results of the study are illustrated in Figure 5.4,

which clearly demonstrates that our methods surpass the others in terms of human

perception: 50% of the results from our method are perceived as ground truth. Re-

garding the SCR metric, our SCR score is 53%, indicating that participants favored

our approach more frequently than the competing methods.

5.4.5 Ablation study

An ablation study was conducted to evaluate the impact of each component

within the proposed model in the StylishU-SR dataset. Table 5.3 illustrates the
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Real Image OursBaseline Uniadapter Uni-SgLoRAGround Truth Reconstructed

Figure 5.5: Ablation results on the StylishU-SR. The images in this figure correspond

to the ablation studies in Table 5.3.
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impact of each component on the dataset. Baseline (SD) neither employs the uni-

adapter module only a UNet-based noise prediction module with extra prompt ”il-

lustrative style”. Although it can generate images with a precise appearance in

Figure 5.5, its ability to retain the illustrative style and preserve the texture of the

garments is limited. To effectively model the complex textures within the clothing,

a learnable adaption module extracts image information and then sent to the UNet

denoiser. When incorporating latent appearance features extracted by a pretrained

adaptation module, this process is referred to as Uniadapter. Compared to the

baseline, the Uniadapter reduces the FID64 score from 2.677 to 0.814, indicating a

performance improvement. As shown in Figure 5.5, the results from Uniadapter cap-

ture more appearance and image information than the baseline model. To enhance

the style translation, a style adaptation module is adopted during both training and

sampling to capture the style features. From the table, it is clear to see that the

style adaption module improves the results in all four criteria. The SgLoRA mod-

ule not only improves the generation quality from the statistics but also in human

perception shown in Figure 5.5. To further disentangle the style and content infor-

mation of the source image, the Dual-LoRA module is adapted to align the output

image content and style with the source image content and style. The last column

in Figure 5.5 illustrates that our model can successfully catch the content and re-

construct the source image with good quality. In comparison with Uni-SgLoRA, our

full model improves the FID64, LPIPS, CLIP -image and CLIP−aes by a margin

of 0.192, 0.004, 2.863 and 0.051, respectively.

5.4.6 Illustrative Style Interpolation

The proposed model is capable of modifying the final generated graphic’s il-

lustrative style by adjusting the sampling positions. The DDIM [165] sampling

approach is utilized for the generation task. Specifically, the image generation task

involves sampling a total of 50 times. To adjust the strength of the effect, linear in-

terpolation is performed with values between 0 and 1. Based on this value, Gaussian

noise of corresponding strength is added to the latent features extracted from the

input image. Additionally, the introduction of Gaussian noise at various timesteps
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Original IllustrativeOriginal Illustrative

Figure 5.6: Style interpolation. Images are synthesized by combining a source image

with varying style strengths ranging from 0 to 1. Generated images progressively

carry the illustrative style. Both images inside the dataset and in the wild are

evaluated.

is also based on the interpolated value. This allows the generated image to obtain

more style information. Three samples from the test dataset and three real-world

samples are selected to demonstrate the effectiveness of the illustrative style interpo-

lation. As depicted in Figure 5.6, it is evident that the style of the images undergoes

a gradual transformation from the left source image to the right source image. This

gradual shift showcases the model’s capability to provide a smooth transition in two

different styles.

5.4.7 Generate Image in the Wild

Our model, which is fine-tuned based on a pretrained stable diffusion model,

exhibits strong robustness and is also capable of performing illustrative style transfer

on runway images outside of the dataset. The images in the figure showcase some

successful instances of illustrative style transformation. As illustrated in the right

half of the Figure 5.6. For the image that is out-of-dataset, the method not only

generates images that carry illustrative style but also captures varying degrees of

style based on the number of steps. This successful style evolution and the consis-

tency observed in images from the test dataset and images in the wild underscore

the robustness and strong adaptability of the proposed method.
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Figure 5.7: Failure cases using the proposed method.

5.4.8 Limitations

Although our proposed method achieves solid results in most cases, it still fails

in certain scenarios as shown in Figure 5.7. For instance, due to the images being

formed by the overlay of noise, precise alignment remains an area in the complicated

domain like fashion for improvement. As demonstrated in the figure, the generated

illustrative images still exhibit noticeable differences from the original in aspects

such as the texture of the clothing (the first six examples), and the shape of the

garments (the rest six examples). The aforementioned examples also prove that the

image transformation through this method entails a certain level of randomness and

does not align as closely with the source image as might be desired. The sketch

images may be insufficient to carry all the detail necessary, thus failing to constrain

the final image synthesis adequately.

5.4.9 Future Work

Although the proposed method demonstrates promising results, its performance

is still constrained by the limited size and diversity of the available dataset. The

scarcity of high-quality, annotated data restricts the model’s ability to generalize

and capture the full range of fashion styles and details. In future work, expanding
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the dataset with more diverse and representative samples will be crucial for further

improving the quality and robustness of the generated images. Additionally, future

research could explore the integration of advanced generative techniques such as dif-

fusion models or flow-matching methods that do not require paired training samples.

These approaches have shown great potential in other domains for learning complex

data distributions without the need for explicit input-output pairs. Incorporating

such methods may help overcome current data limitations and enable more flexible

and effective style transfer in fashion image synthesis.

5.5 Chapter Summary

Leveraging the existing challenges within illustrative transformation, this chap-

ter has created a new high-resolution real-to-illustration dataset. It also introduces

a novel approach to address these challenges. The proposed model incorporates the

concept of disentanglement, utilizing a shared image extractor and distinct style

adaption modules to learn the content and style of images, and converts these into

an illustrative style. This innovation contributes significantly to the fashion field.

Nevertheless, the method has limitations, and the illustrative style transformation

does not fully achieve alignment with the source images. In the future, complete

content alignment is aimed to be achieved while better capturing texture information

and further enhancing the style transformation.
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Chapter 6

Capable Fashion Pose-Guided

Image Transfer Modeling

Human pose transfer aims to synthesize referred human images with target pose

and plays important roles in the intelligent fashion generation sysytem, bringing the

substantial economic potential for E-commerce or virtual reality. In Chapter 3.5, a

preliminary introduction to the proposed method is provided. This chapter presents

a novel approach termed the Attentional Pixel-wise Deformation Network (APD-

Net), which is designed for synthesizing human images based on guided poses and

reference images. Specifically, attention-based spatial transformation modules and

affine transformation modules are leveraged to generate accurate appearance and

extract pixel-wise details in local regions to generate intermediate results. Addi-

tionally, a confidence map is introduced to refine spatial information during the

final image synthesis. Domain alignment loss, cycle loss, perceptual and feature

matching loss and contextual loss are applied to constrain the synthesized images

while attention loss and fusion loss are benefit warp images generation. The results

of the proposed method approach surpasses previously published state-of-the-art

results on most evaluation metrics. At the same time, the proposed method effec-

tively bridging the gap between Part B and Part C in the overall framework 3.1 in

Chapter 3.
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(a) Referred Image (b) Target Pose (c) Generated Image

Figure 6.1: Pipeline of pose-guided human image transfer. Given a referred image

(a) and target pose (b), APD-Net can generate human image with a pose transferred

(c).

6.1 Introduction

Photo-realistic person image generation from pose and a referred image has

become increasingly popular in recent years, with various applications in various

industries such as e-commerce, virtual reality, and entertainment. However, this

complex and challenging task requires advanced techniques to capture the 3-D struc-

ture of clothing and human appearance, synthesize the image with the target pose,

and preserve the details of the patterns. The ability to achieve these objectives

accurately and efficiently is essential for generating high-quality images that can

be used for virtual try-on, pose transfer, and guided video generation. Despite the

significant computational requirements and time constraints, researchers and devel-

opers continually work to improve these methods to meet the growing demand for

these tools. The electronic commerce and virtual reality industries, in particular,

are exploring the use of these algorithms to enhance the user experience and boost

sales. As shown in Figure 6.1, the process involves a 2-D geometric transformation,

which further adds to the complexity of the task. Therefore, developing efficient and
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cost-effective solutions is critical for realizing the full potential of this technology.

In recent years, deep-learning-based methods leveraging the power of deep neu-

ral networks have shown great potential for image synthesis. Researchers have made

significant progress in this area with notable contributions [40, 7, 73, 74]. However,

synthesizing pose-guided images with the input image and target pose remains chal-

lenging, requiring the accurate transformation of human spatial information, the

generation of clear human appearance, and the preservation of garment texture

details. While several methods have made progress in this area, Convolutional Neu-

ral Networks (CNNs) face limitations in capturing long-term spatial information,

as their convolutional operations in each layer focus on local patches [139]. Addi-

tionally, simple convolutional operations can negatively impact the details of the

generated image during downsample and upsample operations.

Several methods have been proposed to improve spatial transformation using

attention operations [198, 179, 183]. These methods calculate the value of feature

patches using a weighted matrix to obtain the target feature patches, allowing each

patch in the source features to communicate with the expected target features di-

rectly. This reduces local attention and focuses on global attention, making spatial

transformation more effective and reducing local dependencies. However, attention-

based methods face challenges when generating delicate details such as textures.

The target patches must often focus on a very small local region, which is difficult

for a simple attention matrix to guide the target patches’ synthesis accurately. Fur-

thermore, using a single attention module can make preserving prints such as logos

and icons in the referred images challenging. Another effective spatial transforma-

tion network based on flow maps has been introduced to preserve image details,

such as flownet [29, 60]. These methods estimate the motion of each pixel using

flow-based operations, allowing the source image to be warped with predicted 2D

coordinate offsets. The pixel-level features can be captured and transformed to a

target position, resulting in realistic textures in the final generated image. How-

ever, obtaining an accurate flow map of the image can be challenging when there

is long-term motion, as flow-based operations are only related to the local region of

the features. Complex deformations can also lead to semantic failures.
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In this chapter, a novel approach named Attentional Pixel-wise Deformation

Network (APD-Net) is presented that combines the strengths of an attention matrix

and flow-based operations. As obtaining stable flow-based operations during training

is challenging, an affine transformation operation is applied as a substitute to capture

the image’s textures. A correspondence matrix with a confidence value are extracted

to aid image synthesis. Furthermore, an affine transformation module is applied to

extract details in local regions and fuse the deformation between attention and affine

transformation operations to obtain the warp examplar. Finally, the final image is

generated by combining the fused warp examplar with the confidence map. Our

experimental results show that APD-Net achieves more photo-realistic human pose

transfer with fewer parameters and faster speed than five state-of-the-art methods.

All in all, the main contributions are summarized as follows:

• APD-Net, a simple yet effective framework for human pose transfer that com-

bines attention and pixel-wise deformation operations is proposed. The model

is easy to train and requires few parameters. APD-Net leverages the advan-

tages of attention and affine transformation operations, which extract details

in local regions and capture image textures.

• a novel confidence map is introduced in the attention operation to enhance

the performance of the image synthesis module.

• The superiority of this method is demonstrated over state-of-the-art approaches

through quantitative and qualitative evaluations.

6.2 Related Work

Recent advancements in deep neural networks have shown the capabilities of

generative networks in synthesizing realistic and vivid images under user specifica-

tions, such as segmentation maps and edges. Pose-guided human image synthesis

has become a popular task in this field. It aims to synthesize the target image based

on the corresponding skeleton and referred image while preserving the appearance

and details of the guide image [186, 72, 62, 218, 57, 213]. Previous works, such as
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the two-stage network proposed by Ma et al. [116], use a coarse-to-fine approach for

transferring a person’s image to the target pose. Later, Ma et al. [117] achieved

better performance by disentangling the pose and appearance of the referred image.

However, these methods are computationally expensive.

To address this issue, Esser [30] combined Variational Auto-Encoders [25] with

U-Net [149] to improve processing. However, 1-D embedding features lack the abil-

ity to capture appearance information, which results in a decline in the quality

of the generated image. Additionally, skip connections in U-Net can lead to fea-

ture misalignment, hindering the performance of the generated image. To overcome

these limitations, Zhu et al.[223] proposed a network comprising transfer blocks that

connect regions of interest in the referred and target poses.

Meanwhile, CoConsnet [201], CoConsnetV2 [216] and NETD [144] proposed a

novel network that generates an image based on the semantic warp image by refer-

ring to the semantically corresponding patches in the referred image. However, the

patterns of the exemplar cannot be transferred. Other works, such as CtNet [192],

ADGAN [121] and RSAGAN [105], disentangled semantic features at the feature

level and achieved better performance. Very recently, several methods achieved

good performance with delicate neural generators. For instance, CASD [217] ap-

plied Transformer-structure into the generator to obtain the final image synthesis.

However, these methods used additional parsing images and attributes, limiting

their practical applications.

To tackle the task of appearance and texture synthesis in specific regions, ef-

ficient spatial transformation modules such as methods [197, 110, 161, 180, 173],

are proposed. Siarohin et al.[161] proposed a method that applies skip-connections

to transform the textures spatially. At the same time, the whole deformation is

decomposed to a set of sub-parts transformed by a certain affine transformation to

alleviate the problem of spatial misalignment. Several methods like PATN [223] and

Khatun et al. Khatun et al. [75] proposed a method that transform the spatial tex-

ture information with time sequence to preserve the details.However, it is difficult

to synthesize the accurate shape with a single affine transformation module.

Flow-based methods are more flexible than affine transformation methods with
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no limitation to transformation components. Zhou et al. [215] firstly estimated the

target by warping the sources, and Han et al. [44] introduced a cascaded flow esti-

mator to obtain flow fields without supervision in the process of synthesis. However,

their warping process is under the level of pixels instead of that of features, which

hinders content generation. Li et al. [92] proposed a method to generate flow field

labels with additional 3D geometry. However, the 3D human model is necessary

to acquire appearing flows where the computation cost is exceptionally high.Ren et

al. [145] proposed introducing the features with local attention to obtain the final

image, and Tang et al. [173] proposed the method with local flow fields to carry

out the information of semantic correlations between each feature. Nevertheless,

features in local fields are blurred when there is a large discrepancy between the

source and target pose.

In contrast to the aforementioned approaches, a novel method is proposed that

combines the strengths of attention-based and flow-based operations. Specifically,

our method employs an attention-guided correspondence matrix and affine trans-

formation module to replace the challenging flow module, enabling effective pose-

guided human image synthesis. Improved performance over existing methods is

demonstrated by leveraging attention-based and flow-based operations.

The goal of this study is to learn how to transform poses from the skeleton

domain A to the real image domain B, with the help of an input image yf ∈ B.

APD-Net, which learns cross-domain correspondences to provide better guidance

for image translation and employs a flexible affine transformation to capture tex-

tures and local region deformations is proposed to achieve the goal. The generator

combines the outputs from this estimator to obtain the final image synthesis using

a SPADE resblock [133]. Specifically, the entire process is illustrated in Figure 3.6.

It involves two main steps for generating pose-transferred images: 1) a Pose-guided

Attention Estimator for pose estimation and 2) an Image Synthesis Module for

image generation. Specifically, four elements—namely attention warp exemplar, fu-

sion map, affine warp guidance, and confidence map in part a)—are synthesized,

and attention pose-guided warp exemplars are multiplied with the confidence map

in part b) to enhance image synthesis during the first stage in Chapter 6.2.1 Sub-

sequently, cross-domain image synthesis module based on SPADE resblock [133] in
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Chapter 6.2.2 is proposed, aiming to synthesize final results by leveraging high-level

features of reference information and target pose. Finally, the training details are

explained in Chapter 6.2.3.

6.2.1 Pose-guided Attention Estimator

Accurately transferring the texture and appearance of the referred image to

the target image in pose-guided person image synthesis is always challenging. To

reassemble the referred image according to the provided modifications, the corre-

spondence is estimated between the referred image Ir and target pose Ist mapped

in the same domain S. As shown in Figure 3.7, this correspondence is built using

an attention estimator, which consists of three parts: (a) Attention Correspondence

Module, (b) Affine Transformation Module, and (c) Feature Fusion Module. Final

warp images is generated from the feature fusion module and applied for further

process with the attention correspondence matrix obtained by attention correspon-

dence module.

Attention Correspondence Module. The local and global features of both re-

ferred image and target pose are extracted by the pyramid network, which uses a

pyramid-like structure to capture both fine-grained and coarse-grained information

of the input information, and weighted by self-attention mechanisms [111]. They are

then aligned in the same domain S, denoted as: IrS ∈ RH×W×C and ItS ∈ RH×W×C

respectively. H and W are the spatial sizes of the feature maps extracted by pyra-

mid networks and C means the channel-wise dimension. Let FR and FT be the

extracting networks respectively, the formula can be written as:

IrS = FR (Ir; θF ,r→S) (6.1)

ItS = FT (Ist; θF ,t→S) (6.2)

where θF denotes the learnable parameters. Then the correlation matrix M ∈

RHW×HW is acquired as:

Mi,j = I iTrSf
IjtSf

(6.3)

illustrating the correspondence between features extracted from referred images and

target pose. Where IrSf
∈ RHW×C and ItSf

∈ RHW×C are the flatten vector of ex-

tracted feature maps obtained from the referred image and target pose, respectively.
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Notations i and j denote the location of the ith and the jth pixel values in each fea-

ture maps, respectively. Attention warp examplar Awcould be obtained according

to the matrix with coefficient α and softmax operation:

Awi =
∑
j

Softmaxj(αMi,j) · Ijr (6.4)

where α is a parameter that is used to control the sharpness of the correlation matrix

and is set to be 1 in this paper. Ir ∈ RH×W×3 denotes the referred image. In this

module, the attention warp examplar can be reassembled by the referred image.

While it is difficult to correctly reassemble the attention warp image according

to the referred image in every location, a confidence map is introduced based on the

correlation matrix to assign the reliability, as shown in Figure 3.7. The confidence

map is computed as:

Cmap = fconf (M) (6.5)

where

fconf (M) = sigmoid
(
maxi

(
Mi

)
−Mi

)
(6.6)

and Mi illustrates the pixel-wise mean of the correlation matrix. It calculates the

pixel-wise confidence of the correlation matrix. Specifically, a lower weight should

be given to the feature correspondence with lower reliability, which is then processed

for the final image synthesis. On the other hand, a higher weight is assigned to the

reliable feature correspondence, providing reliable semantic guidance.

Affine Transformation Module. OpenPose [10]is firstly used to extract 18 joints

from the referred image and roughly divide the human body into 10 sub-parts rect-

angular regions, which include the head, torso, left/right upper/lower arms, and

left/right upper/lower legs. For the left/right upper/lower arms and legs, two cor-

responding joints is used to construct the rectangle, with the major axis of the

rectangle corresponding to the line between specific joints and the minor axis being

orthogonal to r1 (as shown in Figure 3.7) with a smaller length.

For the head, 5 head joints as keypoints is applied, and the points of the left

and right shoulder serve as the major axis of the rectangle. As the torso part is

the largest region, the center of the left/right hips and neck is applied as the major
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axis of the rectangle, with their minor axis being orthogonal to their major axis at a

particular scale. Based on this binary mask maps Ri
r ∈ RH×W×C and Ri

t ∈ RH×W×C

can be obtained where C denotes the numbers of rectangles indicating the full-body

regions. Furthermore, Affine transformation faffineis computed with Least Squares

Error in keypoints to match the points in Ri
t and Ri

r. Affine transformation is a geo-

metric transformation including translation, rotation, scaling and sharing. With this

transformation, the pixel-level information is preserved and not lost. In some cases

where there are occlusion and truncation in image borders, or the keypoint is miss-

ing when detected by OpenPose, the mask regions will be set in both Ri
r ∈ RH×W×C

and Ri
t ∈ RH×W×C to zero (function affine transformation is not computed). The

sub-part rectangle regions transform to achieve approximate global pose-dependent

deformation:

Ai
t = faffine

(
Ir ⊙Ri

r

)
(6.7)

where the ⊙ denotes the function of point-wise multiplication and Ai
t is the affine

warp guidance.

Feature Fusion Module. The attention warp exemplar and affine warp guidance

have complementary advantages: the former preserves the global information of the

body figure, while the latter maintains the details of the human body. Therefore, a

fusion map is generatedMfu ∈ RH×W×1 using a fusion model:

Mfu = fu (Aw,At) (6.8)

where fu is a generator consisting of several residual blocks and the last layer is the

sigmoid function. The values in Mfu range from 0 to 1. By using the Feature Fusion

Module, the attention pose-guided warp exemplar can be generated in both global

features and details. The formula for generating the exemplar is as follows:

Paw = Mfu ⊙ Aw + (1 −Mfu) ⊙ At (6.9)

where ⊙ denotes the point-wise multiplication.
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6.2.2 Image Synthesis

The image synthesis approach uses a generator that combines the target skele-

tons with the attention warp examplar. Firstly, the affine warp guidance and the

warped image are calculated using the fusion map. Then, the SPADE resblock with

the attention-based warp image is applied to render the target-pose skeleton. The

final image is synthesized by the network using It, Cmap and Mfu generated from

the Pose-guided Attention Estimator. The formula for the image synthesis process

can be expressed as follows:

Ît = gen (Iat, Cmap,Mfu, Aw,At) (6.10)

The equation illustrates the generation process that Ir,Cmap, Paw denote the target

skeletons, confidence map obtained in Equation 6.5, and Paw, the examplar achieved

in Equation 6.9. Mfu is the fusion map generated as Equation 6.8 while Aw and

At are attention warp examplar and affine warp guidance, respectively. The pose-

guided attention warp examplar is used as input to the final generator, which is

based on the progressive image generator [71, 133]. The generator synthesizes the

final image by incorporating both the reliability of the warp examplar from the

confidence map and the guidance of the target skeleton.

Ît = gen (Cmap⊙ Paw, (1 − Cmap) ⊙ Ist) (6.11)

Where Cmap is the confidence map and Paw is the attention pose-guided wap

examplar. Note that in our implementation, the target pose is concatenated to

obtain better synthesis, denoted as Ist.

6.2.3 Loss Function

Our proposed model is fully differentiable end-to-end, which allows us to op-

timize it using back-propagation and multiple loss functions simultaneously. These

loss functions include both losses in the attention warp exemplar and losses in the

final output.

Losses in Warp Examplar. Although the proposed model is an end-to-end net-

work, the intermediate output in the network is crucial as it provides guidance for
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the final image synthesis. Therefore, several loss functions are set to ensure mean-

ingful deformations. Firstly, the representation IrS and its counterpart ItS should

lie in the same domain and have the same spatial distribution. Thus, the L1 loss is

set for domain alignment, which can be represented as:

Lalign = ∥FR (Ir; θF ,r→S) −FT (Ist; θF ,t→S)∥1 (6.12)

The L1 loss is calculated between the warp exemplar and the target image using

the following formula:

Lattn =
∥∥∥Aw − I↓t

∥∥∥
1

(6.13)

where I↓t indicates the downsampled target image. In order to improve the quality of

the warp exemplar and minimize reconstruction errors, it is important to constrain

the attention correlation matrix and promote a more meaningful correlation matrix.

Taking inspiration from the concept of cycle consistency in [218], it is expected

that the learned correlation matrix will be capable of transferring the warp exem-

plar to the referred image, provided that the correlation matrix can establish a

correspondence between the target and referred images in the domain S.

Lcycle =
∥∥Awr − I↓r

∥∥
1

(6.14)

where Awr refers to the warp exemplar of the referred image and I↓r denotes the

downsampled referred image. The warp exemplar can be obtained using the follow-

ing formula:

Awri =
∑
i

softmaxi(αM(i, j)) · Awj (6.15)

where Awj represents the jth pixel value of Aw and Awri illustrates the ith pixel

value of Awr.

To obtain a set of affine transformations, the six parameters is calculatedk ∈

R1×6 to constrain the loss using least square error:

Laffine = min
k

∑
pi∈Ir,qi∈It

∥qi − faffine (pi;k)∥22 (6.16)

where pi and qi represent the sub-parts rectangle regions of the target and referred

images, respectively. It is worth noting that in certain extreme cases, such as those

previously discussed, the computation of faffine may not be feasible. Additionally,
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it should be noted that the affine transformation calculation can be performed prior

to training the deep neural networks.

Losses in Real Image Generation. The Pose-guided Attention estimator is

capable of capturing the correspondence between the input and target images. Con-

sequently, our model generates the final image Ît with the guidance of the warp

exemplar. To ensure that the generated image Ît closely resembles the ground-truth

image It, the perceptual loss[68] is introduced. This loss function helps to minimize

the semantic discrepancy between the two images and is defined as follows:

Lperc =
∥∥∥ϕm

(
Ît

)
− ϕm (It)

∥∥∥
1

(6.17)

where function ϕm denotes the semantic information extracted from the input image

using high-level layers of the VGG16 network. In order to improve the visual qual-

ity of the generated image, a feature matching loss is introduced to constrain the

generator. This loss function helps to align the statistics of feature maps between

the generated image and the ground-truth image and encourages the generator to

produce images with realistic texture and style.

Lfm =
∑
m

∥∥∥ϕm

(
Ît

)
− ϕm (It)

∥∥∥
2

(6.18)

VGG network Lfm is used to extract feature maps from each activation layer. In

addition, the Contextual loss [120] is applied to consider the context of the entire

image and the semantic similarity in different regions.

LCX =
∑
m

um

[
− log

(
CX

(
ϕm

(
Ît

)
, ϕm (It)

))]
. (6.19)

where um is used to control the importance of the loss in different layers, while ϕm

denotes the feature maps extracted from each activation layer of the VGG network

for both the generated and target images. In addition, a differentiable discrimina-

tor is applied to distinguish the output between ground-truth images and images

synthesized by the networks. The adversarial loss is defined as follows:

LD
adv = −E [h (D (It))] − E [h (−D (G (Ir, Ist)))]

LG
adv = −E [D (G (Ir, Ist))]

(6.20)

where h(·) denotes the hinge loss to regularize the discriminator.
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Total Loss. The full loss function is denoted as:

L = min
F ,G

max
D

λ1Lalign + λ2Lattn + λ3Lcycle + λ4Lperc

+ λ5 (Lfm + LCX) + λ6

(
LD

adv + LG
adv

) (6.21)

where λ denotes the importance of each loss.

6.3 Experiment

In this section, our experimental results is presented in detail. Specifically, the

datasets and evaluation metrics is firstly introduced in Chapter 6.3.1, followed by

a comparison with state-of-the-art methods in Chapter 6.3.2. The implementation

details of our approach is described in Chapter 6.3.3. In Chapter 6.3.4, the superi-

ority of our proposed APD-Net is demonstrated over the state-of-the-art methods.

Additionally, an ablation study is conducted to investigate the contribution of dif-

ferent components of our approach in Chapter 6.3.5. Finally, the visualizations of

the image synthesis process is also provided in Chapter 6.3.5.3.

6.3.1 Datasets and Metrics

Dataset. Person re-identification dataset Market-1501 [210] and the In-shop Clothes

Retrieval Benchmark DeepFashion [112] are commonly adopted for evaluating the

performance of human pose transfer. Images in the Market-1501 dataset are in-the-

wild, with a resolution of 128 × 64 and significant variations in pose and background.

Comparatively, images in DeepFashion are collected from fashion shopping websites

with a higher resolution (256 × 176) with a clean background. Zhu et al. [223]

employed the Human Pose Estimator [10] as a pose joints detector and gathered

263,632 training pairs and 12,000 testing pairs for Market-1501 and 101,966 train-

ing pairs and 8,570 testing pairs for DeepFashion. In both datasets, the person

identities in the testing differ from those in the training set. The same training

and testing pairs as PATN [223] is used for both datasets to ensure fair comparison

results.

Metrics. A total of nine quantitative evaluations is used following the general
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practice of CoCosNet[201, 216]. Firstly, the distance between the Gaussian fitted

feature distributions of the generated images and real images using Fréchet Inception

Distance (FID) [48] are measured. FID is a metric used to evaluate the similarity

between generated images and real images in terms of their statistical distribution

of image features and quality. The formula for FID is given by:

FID = ||µ1 − µ2||22 + Tr(Σ1 + Σ2 − 2(Σ1Σ2)
1/2) (6.22)

where µ1 and µ2 are the mean feature vectors of real and generated images, re-

spectively, and Σ1 and Σ2 are their covariance matrices. Tr denotes the trace of

a matrix. Furthermore, Sliced Wasserstein Distance (SWD) [71] is employed to

measure the Wasserstein distance between real and synthesized images on a set of

random directions. The formula is:

SWD(Ît, It) =
1

D

D∑
i=1

W2(Î
i
t , I

i
t) (6.23)

where Ît and It are two sets of images, D is the number of slicing directions, and

Î it and I it are the projections along the i-th direction. For both evaluation criteria,

lower scores indicate better quality of generated images.

Furthermore, Structural SIMilarity (SSIM) [185] is used to measure the similar-

ity between synthesized and ground-truth images, Learned Perceptual Image Patch

Similarity (LPIPS) [203] is used to evaluate the perceptual similarity between two

images, and Peak Signal to Noise Ratio (PSNR) is used to measure the difference

between the synthesized and ground-truth images in pixel level, respectively.

Finally, high-level semantic features are introduced to evaluate the quality of

generated images from the perspective of semantic consistency and texture relevance

for the DeepFashion dataset, which has clear images with higher resolution. Specif-

ically, high-level features obtained after relu32 and relu42 of a VGG16 model [164]

are used to measure the Semantic Consistency. The evaluated distance between gen-

erated and referred images and authentic images with low-level features like relu12

and relu22 that capture the color and texture information illustrate the Style Rele-

vance. The paired real-ref dataset is used to assess the quality of synthesized images

for obtaining the Style relevance between generated and real images.
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6.3.2 Comparison Baselines

Our proposed method is compared with several state-of-the-art baselines de-

signed for human pose transfer, including Pose-Attentional Transfer Network (de-

noted as PATN) [223], Cross-domain Correspondence Network (denoted as CoCos-

Net) [201], Cross-domain Correspondence Network v2 (denoted as CoCosNetv2)

[216], Decoupled GAN (denoted as PISE) [199], and Dual-task Pose Transformer

Network (denoted as DPTN) [202].

The weights released by the corresponding authors is used for image genera-

tion. Note that the weights of DPTN and PATN were obtained with the dataset in

which the image size was 256 × 176. To achieve the result with the same resolution,

the result is obtained with pretrained weight and manually added the background

for DPTN, and adjusted the size of input images for PATN. For the Market-1501

dataset, all models were trained with an image size of 128 × 64 to test their perfor-

mance.

6.3.3 Implementation Details

Experiment is conducted using images with a resolution of 256 × 256. The

correlation matrix, with a resolution of 64 × 64, was obtained from feature maps,

and the attention warp exemplar was on the same scale. These were used to generate

the final output. The model was trained on a single GPU (NVIDIA 3090) for 100

epochs, with a batch size of 4.

Model Hyperparameter. The weight parameters are set for each loss function

as follows: Lalign : λ1 = 10, Lattn : λ2 = 10, Lcycle : λ3 = 1, Lperc : λ4 = 0.001,

Lfm + LCX : λ5 = 1, and Ladv : λ6 = 10. There are six hyperparameters in the

formula, all of which use a default weight of 1. Accordingly, values is tested at

different magnitudes—such as 0.1, 1, 10, and 100—to measure their impact on the

FID metric, ultimately determining the current set of hyperparameters. In practice,

it is observed during experiments that, with the exception of the affine loss used

in the early stages, the attention loss and cycle loss during training had relatively

minor effects on the quality of the generated results. The implementation is based
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Table 6.1: Comparison with state-of-the-art on DeepFashion.

PATN CoCosnet CoCosnetv2 PISE DPTN Ours

FID ↓ 27.923 27.212 24.345 13.571 12.117 24.711

SSIM ↑ 0.772 0.775 0.773 0.768 0.778 0.780

LPIPS ↓ 0.254 0.221 0.201 0.208 0.199 0.197

PSNR ↑ 17.712 18.891 19.101 18.521 19.149 19.823

SWD ↓ 17.713 14.892 12.523 11.091 14.152 9.551

SC ↑ 0.953 0.922 0.944 0.948 0.961 0.963

Color(ref) ↑ 0.886 0.896 0.931 0.874 0.908 0.921

Texture(ref) ↑ 0.923 0.925 0.928 0.894 0.921 0.930

Texture(real) ↑ 0.948 0.923 0.948 0.913 0.952 0.958

on the Pytorch framework. Adaptive Moment Estimation (Adam) [78] optimization

algorithm, which has been shown to outperform other algorithms in deep learning,

is used to reach the global minima with parameters β1 = 0.5 and β2 = 0.999. The

learning rate for both the generator and discriminator was set to 1× 10−4. Instance

normalization [177] was used as the normalization method in both the generator

and the discriminators. Leaky ReLU [118] was applied after all normalization layer

in the discriminators, with a negative slope coefficient of 0.2.

6.3.4 Benchmark Results

6.3.4.1 Quantitative and qualitative comparison

Quantitative Results. To ensure the reliability of our results, the evaluation of

pre-trained models from previous keypoint-based methods [223, 202] is conducted

on our testing set.Results for PISE [199]is unable to obtained on the Market-1501

dataset due to additional human parsing label requirements. The quantitative com-

parisons of our proposed method with previous works are presented in Table 6.1

and Table 6.2. The results suggest that our proposed method generally outper-

forms [223, 201, 216, 199, 202] on most metrics, with some steady numeric improve-
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Table 6.2: Comparison with state-of-the-art on Market-1501.

PATN CoCosnet CoCosnetv2 PISE DPTN Ours

FID ↓ 22.681 27.597 19.635 - 18.995 19.601

SSIM ↑ 0.282 0.223 0.278 - 0.285 0.303

LPIPS ↓ 0.319 0.330 0.285 - 0.271 0.267

PSNR ↑ 14.262 13.337 13.385 - 14.521 15.753

SWD ↓ 24.532 19.863 17.984 - 18.352 16.971

SC ↑ 0.565 0.628 0.694 - 0.703 0.729

Color(ref) ↑ 0.720 0.715 0.753 - 0.774 0.767

Texture(ref) ↑ 0.606 0.705 0.732 - 0.684 0.743

Texture(real) ↑ 0.668 0.723 0.744 - 0.757 0.762

ments observed for both datasets. Specifically, for the FID metric, DPTN achieved

the lowest FID score, meaning it performed best in terms of quality and diversity

of generated images. However, it is worth noting that although our APD-Net is

slightly inferior on the FID metric, it achieved higher rankings on multiple metrics

including SSIM, LPIPS, PSNR, SWD, SC, Texture(ref), and Texture(real). These

findings suggest that our method may have potential advantages in computer vision

applications. However, some images generated by our APD-Net had blurry back-

grounds, making it difficult to evaluate them accurately using the FID score [48]and

Human Pose Estimator[10]. Therefore, it is important to consider these limitations

when interpreting our results. Nonetheless, our study provides insights into the

performance of our proposed method compared to state-of-the-art methods.

Qualitative Results. Figure 6.2 presents a qualitative comparison of the proposed

APD-Net with other state-of-the-art methods on the DeepFashion [112] dataset. The

results demonstrate that APD-Net generates visually appealing images with natu-

ral poses and detailed appearances while preserving the semantic information of

the input images. Compared to PATN [223], APD-Net produces more detailed ap-

pearances with accurate textures, especially in complex patterns. DPTN [202] also

produces competitive results with realistic textures, but it struggles to generate com-
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Target 
Image CoCosnetv2CoCosnetPATN DPTN

Figure 6.2: Qualitative comparisons on DeepFashion dataset.

plex textures in local regions due to the lack of spatial transformations in low-level

feature maps. CoCosnet [201] and CoCosnetv2 [216] generate realistic images with

complex patterns, but they may suffer from artifacts when dealing with patterns like

logos and words. In contrast, APD-Net combines the affine-part with attention warp

examplar to generate accurate body figures and informative textures, which avoids

the limitations of other methods. The proposed method explicitly aligns the condi-

tion poses and target poses using the aligned pose-attentional mechanism, which is

critical for maintaining appearance consistency under large pose variance. Addition-

ally, the network combines the warp examplar and affine-part features in an efficient

way, as demonstrated in the inter-process visualization. Overall, Figure 6.2 demon-

strates that APD-Net is capable of generating high-quality images that preserve

the semantic information of the input images and maintain appearance consistency

under large pose variance.
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OursDPTNCoCosnetv2CoCosnetPATN
Referred

Image
Target
Pose

Target
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Figure 6.3: Qualitative comparisons on Market-1501 Dataset.

The performance of our method is also evaluated on Market-1501 [210], a

dataset with poor image quality. Some examples are shown in Figure 6.3. Simi-

lar to the phenomenon observed in the DeepFashion dataset, APD-Net outperforms

other methods in terms of body appearance and texture details. Specifically, the

images generated from our method retain shape consistency, while the results of

CoCosnet[201] and PATN[223] lose some details and appear blurry. Moreover, our

generated images preserve clothing pattern details. For the unseen regions, images

synthesized by our model generate plausible results, while other methods produce

unsatisfactory images that are blurry and/or have incorrect appearances.
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Table 6.3: Comparison of model size and testing speed on DeepFashion dataset and

Market-1501 dataset. “M” denotes millions and “fps” denotes Frames Per Second.

PATN CoCosnet CoCosnetv2 PISE DPTN Ours

Params ↓ 41.36 M 143.6 M 46.4 M 64.01 M 9.79 M 49.1 M

SpeedF ↑ 86.85 fps 43.47 fps 16.13 fps 41.02 fps 71.43 fps 70.79 fps

Table 6.4: User study (%). R2G means the percentage of real images rated as

generated w.r.t. all real images. G2R means the percentage of generated images

rated as real w.r.t. all generated images. The results of other methods are drawn

from their papers.

Dataset Measures PATN CoCosnet CoCosnetv2 PISE DPTN Ours

DeepFashion
R2G ↑ 19.14 19.17 20.04 20.07 21.98 22.04

G2R ↑ 31.78 31.82 33.21 33.23 35.02 35.98

Market-1501
R2G ↑ 32.23 31.07 33.25 - 34.21 36.45

G2R ↑ 63.47 61.26 64.21 - 65.12 70.22

6.3.4.2 Model and computation complexity comparison

Table 6.3 presents a comparison of the model and computation complexity be-

tween our methods and previous approaches. These methods is tested using a single

NVIDIA 3090 graphics card on the same workstation. To compute the speed, only

GPU time is took into account when generating all the testing pairs of DeepFashion.

Notably, the APD-Net enjoys better performance on image generation while having

a similar level compared with previous methods in terms of the number of parame-

ters and the computation complexity, owing to the simple and neat structure of the

building blocks of our network.

6.3.4.3 User study

Human perception is better suited for assessing the authenticity of generated

images. To evaluate the objective realism of our generated images, 100 volunteers
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Baseline Attn-model Affine module Full

FID ↓ 29.6 27.6 27.4 24.711

SSIM ↑ 0.707 0.735 0.742 0.780

LPIPS ↓ 0.242 0.210 0.205 0.197

PSNR ↑ 16.724 17.986 17.385 19.823

SWD ↓ 11.87 12.50 9.72 9.551

SC ↑ 0.922 0.944 0.961 0.963

Color(ref) ↑ 0.896 0.922 0.908 0.921

Texture(ref) ↑ 0.925 0.928 0.921 0.930

Texture(real) ↑ 0.923 0.948 0.952 0.958

Table 6.5: Quantitative results of ablation study on DeepFashion.

were enliseted to assess each image’s authenticity (real or fake) within a second. Fol-

lowing the protocol outlined in [223], shuffled 55 real and 55 generated images are

randomly selected , using the first ten for practice and the remaining 100 for eval-

uation. Two evaluation measures were adopted: R2G which means the percentage

of real images rated as generated with respect to all real images, and G2R which

means the percentage of generated images rated as real with respect to all generated

images. As shown in Table 6.4, our APD-Net model demonstrated significant per-

formance improvements over state-of-the-art methods across all metrics, confirming

that our generated images are more natural, realistic, and sharp. Notably, for Deep-

Fashion, our APD-Net model achieved the highest scores in both the R2G and G2R

measures, with scores of 22.04% and 35.98%, respectively. Additionally, our method

outperforms in handling condition images of poor quality, with 36.45% and 70.22%

of APD-Net-generated images deemed real by volunteers, as reflected in the R2G

and G2R measures in Table 6.4.

6.3.5 Ablation Study

Our APD-Net network incorporates two essential design characteristics. The

first leverages the benefits of attention and affine transformation operations, while
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the second introduces a confidence map in the attention operation to enhance the

image synthesis module’s performance. As demonstrated in the previous section,

our results clearly highlight the advantages of APD-Net. Therefore, our ablation

experiments focus on verifying the effectiveness of these two critical design features

by reporting both the quantitative and qualitative results with and without these

modules, respectively.

6.3.5.1 Methods with different modules

Baseline. To prove the effectiveness of the modules, the model is trained with the

vanilla correspondence matrix and used the generator as the baseline model. The

same set of loss functions was used during training.

Attention Correspondence Matrix. To evaluate the performance gain, the

model is trained with the attention correspondence matrix. The other module re-

mained the same as the baseline.

Affine Information. To evaluate the effectiveness of sub-part deformation, the

affine information is added to the model. The attention correspondence matrix was

removed, as in the attention model.

Full Model. The full model, represents the APD-Net, which is composed of both

the attention correlation matrix and the affine transformation module.

6.3.5.2 Results and analysis

Quantitative Results. Table 6.5 and Table 6.6 present the quantitative results

of the methods used in the ablation study. The baseline model achieved the worst

score in the quantitative comparison because it struggles to obtain spatial informa-

tion from the input image, resulting in a lack of details in the final image generation.

In contrast, the attention model and affine transformation module achieved good

results, with a steady gain compared to the baseline. These results demonstrate that

spatial information improves the generator’s ability to synthesize the final image.

Additionally, the affine transformation module outperformed the attention model in

each score, indicating that it provides texture details that benefit the final image

generation. When combining the attention correspondence matrix and affine trans-
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Baseline Attn-model Affine module Full

FID ↓ 28.472 25.968 24.673 19.601

SSIM ↑ 0.231 0.243 0.278 0.303

LPIPS ↓ 0.342 0.330 0.285 0.267

PSNR ↑ 13.724 14.986 15.385 15.753

SWD ↓ 21.738 19.832 18.473 16.971

SC ↑ 0.682 0.694 0.711 0.729

Color(ref) ↑ 0.696 0.771 0.713 0.767

Texture(ref) ↑ 0.697 0.728 0.721 0.743

Texture(real) ↑ 0.681 0.703 0.698 0.762

Table 6.6: Quantitative results of ablation study on Market-1501.

formation module, the full model achieved significant gains, demonstrating that the

combination improves image quality and texture details significantly.

Qualitative Results. Figure 6.4 and Figure 6.5 illustrates the qualitative com-

parisons in the ablation models. From Figure 6.4 The baseline model was able to

preserve the body shape but lacked the ability to handle textures and details during

image synthesis. With the attention correspondence matrix and affine transforma-

tion module, both the attention model and affine model preserved the details and

body shapes when deforming the referred image to the target pose, although dif-

ferent types of artifacts were present in the final results. The model based on the

attention correspondence matrix was able to extract long-term deformation and syn-

thesize results with accurate body structure, but the dense connections were unable

to transfer patterns like logos. As a result, the complex texture-like patterns in the

second and third row of the figure were not appropriately generated. In contrast,

the model with only the affine transformation module was able to generate images

with complex textures and special patterns by extracting whole patterns from the

target pose. However, the affine sub-parts were unable to estimate the real pose

deformation with desired semantic information, resulting in blur in local parts. Our

full model takes advantage of both the attention correspondence matrix and affine
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Baseline Attn_model Affine Full_model
Referred

Image

Target
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Figure 6.4: Qualitative results of ablation study on DeepFashion dataset. The red

rectangles in it illustrate the discrepancy of generated results.

transformation module to synthesize results in the target pose with complex textures

and accurate structures.

6.3.5.3 Visualization of the process

Intermediate Results. To demonstrate how each module works in our framework,

the fusion map, and the impact of the extracted new features on the generated re-

sults, the intermediate results is presented in Figure 6.6. From the figure, the

affine warp guidance selects the complex texture, while the attention warp exem-

plar chooses the body structure. The red rectangles in the fusion maps indicate

the weight between the warp exemplar and affine warp guidance. In contrast, the

yellow rectangles represent the features the fusion map selected. Because of the low

resolution and complex background in the Market-1501 [210] dataset, the attention

warp image can only identify a vague body shape and the main color. However,

the affine warp guidance can capture more texture details and assist in generating
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Figure 6.5: Qualitative results of ablation study on Market-1501 dataset.

a more accurate warp exemplar. Our method leverages the details from the affine

warp guidance and the body appearance from the Pose-guided Attention Estimator,

enabling the synthesis of images with realistic structures and patterns. Figure 6.7

shows additional results of the generated attention warp images. It is evident that

the attention warp image can effectively capture the shape of the target pose, in-

dicating that it preserves the appearance of the referred image and guides the final

generation. Even in datasets with low image quality, the attention warp images can

still recognize characters’ body appearances and primary colors.

109



Chapter 6. Capable Fashion Pose-Guided Image Transfer Modeling
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Figure 6.6: The detail process of image generation. Attention warp image and affine

warp guidance are combined with the fusion map to obtain final image synthesis.

The above two rows are results of the DeepFashion dataset and the below two rows

are results of the Market-1501 dataset.

6.4 Chapter Summary

In this chapter, a novel network for pose-guided image synthesis that utilizes an

attention correspondence matrix and an affine-based operation is firstly proposed.

Through empirical analysis, the advantages and drawbacks of these two modules for

spatial transformation and detail preservation are evaluated. Our ablation study

shows that the model, which combines both the attention correspondence matrix

and the affine transformation module, performs better in generating accurate results

from the target pose while preserving the details of the texture.
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Referred Image

Target Pose

Attn Warp Image

Figure 6.7: Visualization of the attention warp images. The left four columns are

results of the DeepFashion dataset and the right four columns are results of the

Market-1501 dataset.

6.5 Ethical Considerations and Responsible Use

While the pose transfer technology presented in this chapter demonstrates sig-

nificant technical innovation in enabling pose transformation between different indi-

viduals, we acknowledge the important ethical implications that accompany such ca-

pabilities. The ability to synthesize realistic human poses raises legitimate concerns

regarding potential misuse, particularly in the creation of non-consensual synthetic

imagery.

Our research strictly adheres to established ethical guidelines for computer vi-

sion research involving human subjects. All datasets used in this work consist of

publicly available images or images collected with explicit informed consent from

participants. It is emphasized that any practical deployment of this technology

should implement robust consent mechanisms and user authentication protocols.

The training data employed in our experiments has been sourced from authorized

datasets commonly used in academic research, including Market1501, DeepFashion.

We have ensured compliance with the respective data usage licenses and terms of

service. We advocate for the responsible development and deployment of pose trans-

fer technologies. This includes: (1) implementing technical safeguards to prevent

malicious use, (2) establishing clear usage policies and guidelines, (3) promoting

transparency in synthetic content generation, and (4) supporting the development
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of detection methods for synthetic media.

This research is conducted with the intention of advancing scientific under-

standing in computer vision and contributing to beneficial applications such as vir-

tual try-on systems, animation, and accessibility tools for individuals with mobility

limitations.
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Chapter 7

Conclusions and Suggestions for

Future Research

This chapter begins by presenting the conclusions of this thesis, summarizing

the main findings and contributions of the research. Following the conclusions, the

limitations of the study are discussed. Finally, the chapter outlines prospects for

future work.

7.1 Conclusions

This thesis has made a series of advancements in deep learning-based intelli-

gent fashion image generation, addressing some of the complex issues in this area.

Specifically:

Chapter 4 focuses on how to quickly and automatically generate fashion hand-

drawing sketch images. It includes fashion landmark detection, fashion clothing

segmentation, and ultimately, automatic mapping to efficiently and quickly generate

a complete outfit. The effective of the automatic fashion sketch generation reveals

the follwing task: illustartive image transfer in Chapter 4 and Chapter 5 and human

image pose transfer in Chapter 6.

Chapter 4 presents a novel network that improve the performance of image

style transferring in informative and uninformative image dataset. The generated
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sketch image can be transferred to images with target style, contributing to the

development of intelligent fashion image generation systems.

Chapter 5 Leverages the existing challenges within illustrative transformation

and introduce a novel network that address these challenges. The proposed model

incorporates the concept of disentanglement, utilizing a shared image extractor and

distinct style adaption modules to learn the content and style of images, and converts

these into an illustrative style. This chapter additionally create a high-resolution

real-to-illustration dataset for the future research.

Chapter 6 addresses the task of pose-guided human image transfer through a

novel network that utilizes an attention correspondence matrix and an affine-based

operation. Simultaneously, given that there are still many challenging objectives

within this task, a comprehensive study that includes the problem definition and

methodologies and the application based on these task is presented . Additionally,

challenges of pose-guided human image transfer are discussed while and potential

directions are suggested for future research in this field.

7.2 limitations

Since the intelligent system has successfully managed to automatically generate

fashion images under certain conditions, there are still some limitations that need

improvement.

The first limitation lies in the task of sketch-to-illustrative image style transfer.

Although the model can perform style transfer, it still faces challenges in accurately

transforming images into the target style that reflects the designers’ unique aesthet-

ics.

In the task of real-to-illustrative image transfer, precise alignment remains an

area for improvement, especially in complex domains like fashion. The generated

illustrative images often show small differences from the originals, particularly in

aspects such as clothing texture and garment shape. The sketch images may lack

sufficient detail, which can lead to inadequate constraints during the final image
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synthesis.

For the task of pose-guided human image transfer, while the system can han-

dle the task, there is still room for enhancing pixel-wise details. Additionally, the

generated results are still 2D images, lacking the third dimension that would allow

for rotation and more intuitive display.

The fourth limitation is that while the current intelligent fashion image gener-

ation system can perform sketch-to-illustrative and real-to-illustrative translations,

it is still limited in performing arbitrary domain-to-domain translations. Further-

more, due to the limitations of existing datasets in the fashion field, there is a need to

build a high-resolution dataset that captures the specific styles of individual design-

ers. This is crucial for effectively addressing style transfer from the source domain

to the target domain.

7.3 Suggestions for Future Research

Future work should address these limitations to develop a more comprehensive

intelligent fashion image generation system.

Firstly, it is crucial to expand the available datasets to achieve arbitrary domain-

to-domain style image transfer. By creating a more comprehensive paired dataset of

sketches, illustrative images, and real images, existing powerful model architectures

can learn the artistic styles of different designers, enabling the transferred images to

embody the unique artistic styles of the designers. More varied and labeled data will

make deep learning models more stable, so it is necessary to collect more extensive

and diverse datasets that reflect the richness and complexity of fashion styles.

Secondly, the current multi-view presentation of designs is based on pose-guided

human image transfer in 2D. In the future, by exploring rapid 2D-to-3D image

generation, multi-view presentations can be achieved through 3D, enhancing object

consistency while providing a more intuitive display of designers’ and practitioners’

ideas. This approach not only improves visibility but also streamlines the design

process for designers and practitioners, inspiring their creativity.
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By overcoming these limitations and exploring future directions, the intelligent

fashion image generation system can continue to evolve, producing more accurate

images that align with the preferences of designers and practitioners. This will

allow the system to cater to diverse fashion domains and individual tastes more

effectively.
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