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ABSTRACT

Information about clothing products has shown a steady growth trend in recent years,
thanks to advances in information technology and material standards. Fashion consumers
struggle to choose clothing that meets their needs from massive data due to the surge in
clothing products. Previous research predicted single clothing attributes, and the model's
generalization ability was weak. This results in low personalized prediction accuracy,
making it difficult to meet fashion consumers' personalized needs. Therefore, this thesis
proposes a multi-modal fusion algorithm for predicting personalized clothing. The
algorithm is designed to help consumers make more informed purchasing decisions by
analysing their personal preferences and predicting fashion clothing categories. An analysis
of Nunalie's sales from October 2016 to December 2019 is presented using the publicly
available real sales dataset, Visuelle. There are 5355 clothing products in this data set,
along with 45MB of sales data. In addition to unstructured image data, structured data
consists of 21 columns, including 1-12 weeks of clothing sales data, as well as details of
season, color, fabric, day, week, month, year, label, category. This thesis proposes four
deep convolutional neural network (CNN) models—TCN-ResNet, TCN-2DCNN,
IDCNN-ResNet, and 1DCNN-2DCNN—that integrate the multimodal features of clothing
images and sales text data. A comparison of model prediction accuracy reveals that the
IDCNN-2DCNN and 1DCNN-ResNet models demonstrate superior performance in
clothing prediction. To assess the generalization ability of the two models, cross-validation
was performed. The experimental results indicate that the IDCNN-2DCNN model exhibits
superior generalization, achieving a recall rate of 97.20%, an F1 score of 98.60%, a macro
average of 98.62%, a weighted average of 98.63%, and model accuracy of 98.59%.

Personalized prediction and clothing classification have been achieved. Through the

i1



analysis of hybrid models, the superiority of the proposed model in solving personalized

preferences is demonstrated.

Keywords: Fashion consumers, image data, clothing categories, personalized,

multimodal
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Algoritma Pakaian Ramalan Peribadi Berdasarkan Gabungan Ciri Pelbagai Modal

ABSTRAK

Maklumat tentang produk pakaian telah menunjukkan trend pertumbuhan yang stabil
dalam beberapa tahun kebelakangan ini, hasil daripada kemajuan teknologi maklumat dan
standard bahan. Pengguna menghadapi kesukaran memilih pakaian yang memenuhi
keperluan mereka akibat peningkatan produk pakaian. Penyelidikan terdahulu hanya
meramalkan atribut pakaian tunggal, dan keupayaan generalisasi model adalah lemah. Ini
menyebabkan ketepatan ramalan yang diperibadikan rendah, menjadikannya sukar untuk
memenuhi keperluan peribadi pengguna. Oleh itu, kajian ini mencadangkan algoritma
penggabungan multi-mod untuk meramalkan pakaian yang diperibadikan. Algoritma ini
direka untuk membantu pengguna membuat keputusan pembelian yang lebih bermaklumat
dengan menganalisis keutamaan peribadi mereka dan meramalkan kategori pakaian. Satu
analisis penjualan Nunalie dari Oktober 2016 hingga Disember 2019 dipersembahkan
menggunakan set data jualan sebenar yang boleh diakses secara umum, Visuelle. Terdapat
5355 produk pakaian dalam set data ini, bersama dengan 45MB data jualan. Selain
daripada data imej tidak berstruktur, data berstruktur terdiri daripada 21 lajur, termasuk
data jualan pakaian selama 1-12 minggu, serta butiran mengenai musim, warna, fabrik,
hari, minggu, bulan, tahun, label, dan kategori. Tesis ini mencadangkan empat model
rangkaian neural konvolusi dalam (CNN) — TCN-ResNet, TCN-2DCNN, IDCNN-ResNet,
dan IDCNN-2DCNN — yang mengintegrasikan ciri multi-mod imej pakaian dan data teks
jualan. Perbandingan ketepatan ramalan model menunjukkan bahawa model 1DCNN-
2DCNN dan IDCNN-ResNet menunjukkan prestasi yang lebih baik dalam ramalan
pakaian. Untuk menilai keupayaan generalisasi kedua-dua model, kesahan silang

dijalankan. Hasil eksperimen menunjukkan bahawa model 1DCNN-2DCNN mempunyai



keupayaan generalisasi yang unggul, mencapai kadar ingatan semula sebanyak 97.20%,
skor F1 sebanyak 98.60%, purata makro sebanyak 98.62%, purata tertimbang sebanyak
98.63%, dan ketepatan model sebanyak 98.59%. Ramalan peribadi dan pengelasan
pakaian telah berjaya dicapai. Melalui analisis model hibrid, keunggulan model yang

dicadangkan dalam menyelesaikan keutamaan peribadi telah dibuktikan.

Kata kunci:  Pengguna fesyen, data imej, kategori pakaian, diperibadikan, multi-mod
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CHAPTER 1

INTRODUCTION

1.1 Study Background

As Dunlap (1928) points out, clothing is the most important part of living. As time
progresses, consumers' demands for quality of life and personalization rise. For example,
Figure 1.1 integrates the four seasons color theory with users' biological characteristics to
create personalized clothing recommendations (Su et al., 2024).  This approach highlights
how data-driven methods can enhance the personalization of the user’s dressing experience.
For Chinese retailers and brand companies to meet consumers' diverse needs, they must
stay abreast of consumer trends in their domestic market and rapidly understand the
opportunities and challenges they face (Shocker et al.,1994). At present, a new
technological revolution represented by artificial intelligence is rapidly emerging around
the world (Wang & Rasheed, 2014). E-commerce uses advanced digital technology to
continuously innovate management, operation, and marketing models to create new

business growth points and further enhance the user experience (French & Storey, 2021).

Although this thesis primarily focuses on the Chinese market, the models and
methodologies employed possess broad applicability and can be extended to markets in
other countries. Consequently, while the current analysis emphasizes China, the insights

gained are equally relevant and valuable for understanding markets in other regions.
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Figure 1.1:  Seasonal Color Analysis for Fashion Styling (Su et al., 2024)

In the past 10 years, the global apparel market has remained at the trillion-dollar
level. According to the National Bureau of Statistics of China, China's e-commerce
transaction volume reached 4.383 billion yuan in 2022, an increase of 3.5% over 2021.
Enterprises above designated size in the clothing industry have produced more than 23
billion pieces of clothing. As shown in Figure 1.2, China's e-commerce sales from 2011 to
2022 reflect the development of China's e-commerce market and the increase in consumer
online shopping (National Bureau of Statistics,2022). Compared to the development before
2021, the entire e-commerce industry is gradually transforming into a fiercely competitive
stock market. In the current environment of rising labour costs, the industry is paying close
attention to any products that can save costs and improve efficiency. Al (Artificial
Intelligence) technology, with its potential to emulate and even surpass human skills in
certain areas, is highly anticipated and valued. To understand the impact of China's major
commodity exports on the global trade market in 2023, attention should be paid to their

quantity, value, and growth rate. (National Bureau of Statistics,2023).
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Figure 1.2:  E-commerce transactions in China from 2011 to 2022 (National Bureau of
Statistics, 2022)

According to Chinese residents' per capita consumption, clothing and daily
necessities remain relatively equal(National Bureau of Statistics, 2023). Clothing
accounts for 5% of the per capita consumption expenditure and composition of Chinese
residents in 2023. This is based on a per capita consumption of 1,497 yuan. Daily
needs account for 6% of consumption, and per capita consumption is 1,526 yuan.
Consumers' clothing expenditure cannot be ignored, even though daily necessities are
indispensable in daily life. As a result, Chinese consumers place equal value on clothing in
their consumption structure as they do on daily necessities. The two maintain a balance

between consumption and expenditure.

With advanced data analysis and other technologies, customized clothing forecasts
can be made. By analysing consumer purchase history, preferences, and other information,
clothing styles, colors, and styles can be predicted. Retailers and brands can increase sales

efficiency and profitability by using personalized forecasts to better predict trends and



optimize production and inventory management. This results in higher customer

satisfaction.

With technological advancements, traditional clothing classification algorithms
depend on manually crafted feature extraction and classifier implementations. However,
with the development of deep learning, deep learning-based methods have gradually

become more effective in processing complex information in the mainstream of images.

1.2 Problem Statement

In personalized clothing classification prediction, accurately predicting fashion
preferences involves leveraging diverse data sources such as text and images. Current

research primarily focuses on two key challenges.

First, multimodal data need to be effectively represented and integrated in a way
that exploits the complementarity of various modes. This requires developing methods to
effectively fuse information from different modes to enable models to better understand
clothing features. For example, while textual descriptions offer insights into clothing
seasons and types, images provide detailed visual characteristics and labels. Integrating
these sources provides a more comprehensive clothing description, improving personalized

classification accuracy.

Second, research must address data conversion challenges between different modes.
In personalized clothing classification prediction, it is crucial to convert text descriptions
into image features or image features into text descriptions. This research aims to address
these challenges by developing practical algorithms capable of learning mapping

relationships between patterns and integrating information seamlessly. This transformation



process poses a significant challenge considering the heterogeneity of the data and the
subjective relationships between patterns. However, overcoming this obstacle allows for
more efficient utilization of multimodal data, thus enhancing personalized classification
comprehensiveness. Based on these challenges, an optimization of parameter classification

is proposed.

1.3 Research Questions and Hypothesis

In response to the two challenges mentioned in this thesis, this thesis raises the

following questions:

i.  How to solve the problem of diverse consumer clothing needs?

ii. How can the clothing recommendation experience be enhanced within

customized clothing classification?

iii.  How is the performance of the proposed method?

Currently, personalized clothing classification forecasting in the apparel industry
primarily relies on a single data source. This refers to prediction algorithms that depend
solely on one type of data, such as a user’s purchase history, a specific body measurement,
or basic color preferences. The drawback of this approach is that it fails to fully capture
the complexity of the user’s profile, leading to less accurate and less personalized

predictions.

To address this limitation, the research incorporates information from single data
sources and enhances it by learning the mapping relationships between different patterns,

thus overcoming the challenges of data transformation across various modes.  This



approach improves the accuracy of personalized classification predictions. In contrast,
the multi-modal feature fusion algorithm proposed in this thesis goes further by effectively
extracting, jointly representing, and integrating features.  This enables more precise
customized clothing category predictions, significantly enhancing the accuracy and

practical application of personalized clothing forecasts.

1.4 Objective

This study aims to develop a method for improving personalized clothing
classification by combining image data with clothing sales information. The method will
address challenges in data conversion across different modes by learning the mapping
relationships between them. Additionally, it seeks to enhance the accuracy of personalized
classification predictions. The study proposes a personalized clothing prediction algorithm
that incorporates multi-modal features to achieve accurate and customized clothing
category predictions, thereby improving both the accuracy and practicality of personalized

clothing forecasts.

i.  To design an algorithm that integrates information from a single data source

and effectively integrates structured text and unstructured data images.

ii. To enhance the accuracy and practicality of personalized clothing
classification predictions, with the goal of meeting user needs and providing

a better clothing recommendation experience.

iii.  To evaluate the performance of the proposed method with the state-of-the-

art methods.



1.5 Project Scope

This project investigates and implements personalized clothing prediction
algorithms based on multi-modal fusion, addressing key limitations in the field. A major
challenge is the effective representation and integration of diverse data sources, such as
user preferences, body measurements, and fashion trends, to deliver accurate and
customized clothing recommendations. Existing models often struggle to fully leverage the
complementary nature of multimodal data and encounter difficulties in converting between
data types due to the inherent heterogeneity and complexity of mapping subjective

relationships.

To address these challenges, the proposed approach involves developing a
customized model that adapts the algorithm to individual user characteristics. The project
encompasses stages of data collection, cleaning, reconstruction, algorithm design, and
comprehensive evaluation. Comparative analyses with mainstream models will be
conducted to benchmark the performance of the proposed model. The algorithm aims to
enhance the fusion and conversion of multimodal data, thereby improving the accuracy and
usability of personalized clothing predictions.  This thesis will conduct rigorous testing
and validation to ensure the application of the proposed algorithm in personalized clothing

prediction scenarios.

1.6 Research Contribution

This research not only enhances users' shopping experience and satisfaction but
also drives technological advancements in the clothing industry while broadening its

application scope, such as in smart wear, e-commerce platforms, and personalized



recommendations. The outcomes of this project are anticipated to introduce new

innovations and technological improvements to the business sector.

1.

ii.

iil.

A multi-modal weighted combination method based on visual information is
proposed to achieve a more comprehensive representation of fashion items
through the weighted fusion of multi-modal features, including graphic and
textual information. This method contributes to the development of the
fashion and retail industries, particularly in the areas of smart shopping,
product recognition, and personalized recommendations, enabling

consumers to enjoy a more convenient and accurate shopping experience.

A personalized clothing prediction algorithm based on multi-modal feature
fusion is proposed. The algorithm consists of four main components: feature
extraction, feature joint representation, feature fusion, and customized
clothing category prediction. The implementation of this algorithm can
significantly improve users' shopping experience on e-commerce platforms,

boosting consumer satisfaction and loyalty.

A hybrid model that combines one-dimensional convolution (IDCNN) and
two-dimensional convolution (2DCNN) is introduced to enhance the
performance of the fashion prediction model. This model has been
compared with current mainstream models, such as the Residual Network
(ResNet) and Temporal Convolutional Network (TCN). The innovation of
this model provides new technological methods for clothing design and
sales forecasting. Through more accurate predictions, consumers can

receive personalized clothing recommendations based on their preferences



using the proposed model, further enhancing their overall shopping

experience.

1.7 Chapter Outline

This thesis is divided into 5 chapters, namely introduction, literature review,

research methods, results and discussion, and conclusion.

Chapter 1 introduces the research background, purpose, and significance of the
thesis. It introduces research questions and research methods and provides readers with an

overall research framework.

Chapter 2 reviews the relevant literature in the field. It covers traditional clothing
classification methods, deep learning clothing classification methods, multi-modal feature
fusion methods, and fusion research on clothing prediction and personalized
recommendations. Based on the summary of previous studies' main ideas, research
methods and conclusions, some gaps in current research are pointed out. This provides a

theoretical and empirical basis for this thesis.

Chapter 3 describes in detail the experimental data set used in the study, including
the source, scale and characteristics of the data. It then describes the experimental settings
and processes, including the data set division method and evaluation indicators. Finally, the
loss function and the software and hardware environment used are introduced to ensure

experiment reliability.

Chapter 4 conducts experiment and compares the proposed research methods. The
model analysis and construction process are explained in detail, including a multi-modal

feature extraction module, feature joint representation, feature fusion and personalized



clothing prediction. Then, a comparative analysis and discussion are conducted on the

proposed model. The performance and effect of each module are discussed in depth.

Chapter 5 is the summary module of this thesis. In this section, the experimental
results and findings are summarized, the advantages and innovations of the model are

highlighted, and possible limitations and future research directions are discussed.

10



CHAPTER 2

LITERATURE REVIEW

2.1 Overview

This chapter explores the latest research progress in multi-modal fusion and
personalized clothing prediction. Section 2.2 discusses the current research status in
clothing classification and the evolution of its methods. This is to gain a deeper
understanding of the development of relevant methods in clothing classification. Section
2.3 introduces traditional clothing classification methods in detail and describes
classification methods based on local and global features. Section 2.4 explores deep
learning applications to clothing classification. Section 2.5 discusses recent advances in
multimodal feature fusion. Section 2.6 discusses clothing classification and personalization
prediction algorithms. It reviews related classification prediction algorithms and
personalized clothing recommendation algorithms. Section 2.7 introduces the latest
research progress in clothing prediction algorithms based on multi-modal fusion, including
TCN, ResNet, and various convolution methods. Section 2.8, the research gap is
highlighted, focusing on the current challenges in clothing personalization prediction. It
provides a comprehensive summary of the content of this chapter to provide inspiration

and direction for the research in this thesis.

2.2 Application and Evolution of Neural Networks in Classification

The research of Rosenblatt (1958) introduced a neural network composed of two
layers of neurons and used the McCulloch-Pitts (MCP) model to classify multidimensional
data. This innovation enables the neural network to automatically learn and update weights

from training samples. It is also seen as a significant attempt to reveal intelligence

11



mysteries. Rumelhart et al. (1986) proposed the backpropagation algorithm, which is the
basis of Multilayer Perceptron (MLP) training. In addition, neural network pioneer Hinton
and others also proposed the (Backpropagation) BP algorithm, which introduced
nonlinearity to the multi-layer perceptron. Therefore, 1986 is considered a critical period

for the MLP model development and improvement.

Hinton and Salakhutdinov (2006) proposed autoencoders (AEs) for learning
compact representations of data, including the encoding and decoding stages. Denoising
AutoEncoder (DAE) extracts more robust abstract features by introducing a degradation
process. Sparse AutoEncoder (SAE) improves feature quality and generalization ability
through sparsity constraints. Stacked Denoising AutoEncoder (SDAE) further enhances
deep learning capabilities. In the development process, from AE to DAE, SAE to SDAE,
each improvement is aimed at improving model performance and the scope of application.
This includes simple data compression algorithms to deep learning models for processing

complex data.

Rumelhart et al. (1986) proposed the Restricted Boltzmann Machine (RBM), a
randomly generated neural network for learning probability distributions, which can be
used to pretrain other models. A Deep Belief Network (DBN) is stacked with multiple
RBMs, and the output of each RBM becomes the input of the next RBM to capture
complex features in the data. Deep Boltzmann Machine (DBM) is also an undirected graph
model that can quickly initialize model parameters through bottom-up propagation and
handle data uncertainty issues combined with top-down feedback. DBN is suitable for
tasks that gradually extract deep features from data, such as image recognition. DBM is

more suitable for tasks dealing with high-dimensional and complex data structures and

12



better handles data uncertainty. The development process of neural networks is shown in

Figure 2.1.

1986 2008 2010 1) | .
;‘ AE }—’ DAE SDAE |  Sparsc
|_Autoencoder |
2006 2009
1986 A DBN ‘ -‘ CDBN ‘
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[
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Figure 2.1:  The development process of a neural network

Das (2019) summarizes the relevant content, and the development history of
Convolutional Neural Network (CNN) is shown in Table 2.1. Lecun et al. (1998)
introduced LeNet specifically for handwritten digit recognition. Krizhevsky et al. (2012)
found that AlexNet introduced the Rectified Linear Unit (ReLU) activation function and
Dropout technology to promote deep learning. Simonyan and Zisserman (2015) proposed
the VGG network to improve performance by increasing the number of convolutional
layers. Szegedy et al. (2015) propose that GoogleNet introduced the Inception module to
improve efficiency by using filters of different sizes in parallel. He et al. (2016) proposed
that ResNet solves deep network training problems through residual learning, so that
deeper networks can be trained better. The above network has achieved remarkable results
in image recognition tasks and has had a significant impact on deep learning research and

applications.
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Table 2.1: The development history of CNN (Bhatt et al., 2021)
Year CNN Developed by Place Top-5 error rate | No. of parameters
1998 LeNet (8) Yann LeCun - - 60 thousand
Alex
2012 Alex Net (7) ' _ Ist 15.30% 60 million
Krizhevsky,GeoffreyHinton,llyasutskever
Zeiler and Fergus
2013 Matthew Zeiler and Rob Fergus Ist 14.80% -
Net (ZFNet)
2014 Google Net (19) Google Ist 6.67% 4 million
2014 VGG Net (16) Simonyan,Zisserman 2nd 7.30% 138 million
2015 ResNet (152) Kaiming He Ist 3.60% -
2016 SqueezeNet DeepScale - 19.58% 1.2 to 1.4 million
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Figure 2.2:  CNN structure diagram

CNN structure diagram, as shown in Figure 2.2. Capsule Networks proposed by
Sabour et al. (2017) enhance the processing ability of feature location information by
improving CNN structure. The (Squeeze-and-Excitation Network) SENet was proposed by
Hu et al. (2018) optimizes CNN features representation and utilization by introducing a
channel attention mechanism. Vaswani et al. (2017) presented Self-Attention as an
innovative module. Further enhances the CNN model's performance. The above
technology solves traditional CNN problems by introducing novel structures and

mechanisms. This improves model performance and application scope.

Image-based classification methods can be divided into traditional image methods
and deep learning methods, as shown in Figure 2.3. Traditional image methods include two
categories: image features and classification models, while deep learning methods are
divided into two categories: learning styles and deep networks. Traditional methods use
color, visual elements, textures, etc. For classification, deep learning methods use deep

learning models such as convolutional neural networks.
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2.3 Traditional Clothing Image Classification Method

There are many types of clothing, and each type shows unique style and
characteristics, adding colourful colors to the entire clothing world. Clothing image
classification methods can be classified from multiple perspectives, including season, style,
and special functions (Sang & Shen, 2019; Xu & Xin, 2020). According to gender, clothes
can be divided into men's clothing and women's clothing. Due to the varying seasons,
clothing is classified into spring, summer, autumn, and winter clothing to adapt to various
climate conditions. Further, they are categorized into different styles, such as deep clothes,
skirts, and robes. Each style has its own design and style. In addition, they are classified
according to special functions and divided into flight suits, diving suits, fire suits, police
uniforms, etc. These clothes play a crucial role in specific scenes or occupations. These
classification methods reflect people's different clothing needs in a variety of cultures and
eras. They also show the diversity of aesthetic pursuits. Traditional image classification
methods usually require manually designed feature extraction algorithms, which may not

perform well when processing complex images. To understand and describe clothing
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diversity and characteristics, the traditional clothing image classification method is divided
into a local feature classification method and a global feature classification method to

introduce a variety of classification dimensions more comprehensively.

2.3.1 Clothing Classification Method Based on Local Features

Local feature classification methods classify specific elements or components of
clothing. For example, different styles of clothing, such as shirts, jackets, dresses, etc., can

be distinguished based on local features such as collars, cuffs, and skirts.

Wang and Zhao (2023) proposed an improved traditional clothing image
classification algorithm using gradient discrimination and dictionary learning. This method
sparsely reorganizes the data and uses a linear classifier in the last layer to sparsely
reorganize the data. Experiments have shown that on the Ming and Qing Dynasty clothing
pattern data set, the classification accuracy of this algorithm reached 82.17%, achieving the

most accuracy among similar algorithms.

Chen et al. (2019) propose to adopt an innovative pre-training strategy, similar to
loss-based learning, specifically for classifying clothing image attributes. To solve the
problem of not considering the semantic level and granularity of clothing attributes when
processing clothing classification. Zhang et al. (2019) propose that traditional clothing
multi-classification methods usually rely on manual extraction of features such as color,
texture, and edges of images. In contrast, deep residual networks achieve higher
recognition accuracy by increasing neural network depth and have been widely used in

various fields.
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Wang et al. (2023) adopt a multi-stage feature fusion method to extract features
from different parts and compare these feature values at the pixel level to select features
that retain the maximum value. This method can reduce noise and better handle local
feature extraction tasks in complex scenes. Surakarin and Chongstitvatana (2015)
introduced traditional clothing classification methods, which rely on manually extracting
obvious features from images, such as color, texture, and edges. However, these artificial
feature extraction methods are cumbersome and have a low feature recognition rate. The
research proposes an improved method based on random erasure and residual networks to
solve this problem. Through this method, the improved residual model successfully

enhanced clothing data classification accuracy by 2.43%.

By locating the key points in clothing images, local features can be effectively
extracted, thereby improving the classification effect of the model. As shown in Table 2.2,
by extracting local features from the image, complex image data is converted into a

representation with a lower dimension. This facilitates the classification of clothing.
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Table 2.2:  Local feature clothing classification method
Classification | Data Scene Evaluation
Authors Advantage Limitations Application
tasks set | complexity index
Picture i i i
‘ ‘ 6 free image Improved robustness, High computational | Handling
(Lu et al., | classification, Accuracy complexity and structurally
databases; Enhanced
2019) Extract 73.57% parameter inconsistent data
High discriminative ability . .
features adjustment issues sets
image ) ) . Textile design
. I . Multi-feature fusion. | Performance is o
(Nazir et | classification, | Art Fabric; Accuracy o analysis, image
PCA dimensionality limited, feature _
reduction selection depends on ‘ ‘
extraction classification
FERET. AR. Overcoming feature
] ‘ Face recognition,
(Mo et al., | Feature CMUPIE. Yale, Flscore | extraction The computational .
‘ o o data mining, pattern
2020) extraction and USPS; 100% limitations. Good complexity is high .
recognition
High robust performance
(Hoang & i ) The classification Fabric defect
i Clothing defect | Fabric defect Accuracy ] Color space has )
Rebhi, ‘ ‘ ‘ results increased by o detection. Image
classification database; Medium 92.10% limitations
2018) 8%. processing field
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There are challenges and limitations in many aspects of the traditional local
characteristic clothing classification method, but it also has certain advantages. These
methods may show higher accuracy and performance in specific scenarios and data sets,
providing feasible solutions for specific application scenarios. In addition, some of the
methods in Table 2.2 have high robustness and stability. They maintain high performance
in different environments, have strong practicability and operability, and are easy to apply
to actual production and applications. However, these methods also face many challenges
such as data set limitations, high computational complexity, insufficient performance
evaluation, limited feature extraction, and limited application range. They need to be
further improved and optimized. Therefore, although the traditional local characteristic
clothing classification method has certain advantages, it still needs further research and
improvement to solve the existing problems. This is to improve its performance and effect

in practical applications.

2.3.2  Clothing Classification Based on Global Features

Feature global classification focuses on analyzing the overall appearance and style
of clothing, taking into account characteristics such as shape, texture, and color matching.
Recent studies emphasize that enhancing the external neural network structure can
significantly improve clothing classification accuracy. For instance, Ren et al. (2022)
proposed an improved convolutional neural network (CNN) algorithm based on the
Xception model.  This algorithm addresses the challenges of global classification by
decomposing the problem into high, medium, and low local layers, thereby refining the
classification process. Zhang et al. (2023) further highlighted the importance of global

features in clothing classification by proposing a model based on transfer learning. This
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model effectively extracts global features from clothing images, demonstrating the critical

role these features play in accurate classification.

In addition, Li et al. (2022) introduced a lightweight CNN-based clothing
classification method.  Traditionally, CNN algorithms use the entire image as input,
extracting global features through multiple convolutional layers for -classification.
However, Li’s study innovates by incorporating a key point positioning algorithm that

focuses on significant local details, such as collars, to enhance classification accuracy.

Finally, Huang (2023) proposed a multi-category clothing recognition and retrieval
method that integrates both local and global features. This approach has proven to be
effective in capturing detailed information within clothing images, leading to more precise
classification outcomes. Table 2.3 summarizes the global clothing feature classification

methods discussed.
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Table 2.3:  Global feature clothing classification method
Classification | Data Scene Evaluation
Authors Advantage Limitations Application
tasks set complexity index
Automatic Equipment such as
single feature, City College of New recognition of cameras needs to be | Shopping and
(Yang et al., York Clothi Accuracy | - called. addi dress; o f
ork Clothing complex patterns installed, adding ressing guide for
2014) | Image . 92.55% . _ o
classification Pattern; High and colors of complexity and the visually impaired
clothing cost.
Adaptive label .
. . o . Suitable for most
Multi-scale Passive Millimeter o assignment . . .
(Yang et al., . Precision o Difficulty detecting | scenes with good
global features, | Wave image; optimizes the . )
2022) ) ) 88.1% o small objects penetration of
Image detection | Medium number of positive ‘
clothing
samples.
(Augmented Reality)
Overcoming Face recognition and
Multiple global | AR Face. Small- , Multiple feature
feature extraction other fields,
(Mo etal., | features, feature | Scale. Yale, Accuracy | extraction is .
. limitations. Good . . processing complex
2020) extraction and | Large-Scale 98.71% attractive and high-

classification

Database;

High
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Table 2.3 continued
. Single feature, | Fabric defect . Magnified images . .
(Liu et al., . ) Accuracy Data set detailed Clothing retrieval
Identify database; . have lower
2016) . . 76.4% annotation . task
classification Medium detection rates
Multiple ) High computational
‘ . Comprehensive E-commerce
(Lietal., features global, Deep Fashion; Accuracy cost, complex ]
feature ‘ platform, clothing
2023) Image High 87.78% ‘ model, and labeling ‘
) ) extraction ) recommendation
classification requirements
Defect database of Precision Data acquisition is
Multi-scale . . Deformable Fabric defect
(Hu & Jiang, 3,524 knitted fabric | 72.32% difficult and
inspection, . _ convolution ‘ detection, medical
2023) ' 1mages, Recall calculation costs are |
defect detection module ‘ imaging, etc.
High 78.87% high.
Image Detect
‘ Repeated cross- ‘ ‘
o processing ‘ o A dataset lacking manufacturing
(Septiarini et 150 sarong images; | Accuracy validation o _
analyzes color diversity was used defects, inspect
al., 2021) Low 100% ensures model

and texture

characteristics

robustness

for training.

fabrics with real-

time images
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As seen in Table 2.3, the traditional global feature clothing classification method
shows advantages, existing problems, and challenges. First, some methods show high
levels of accuracy and adopt techniques such as adaptive label assignment to improve the
model's robustness. Some methods are capable of multi-feature extraction, attractiveness,
and multi-dimensionality, improving the classification effect of the model. Secondly, some
methods require additional equipment support, such as installing cameras, which increases
the complexity and cost of the system. Some methods have high computational costs,
complex models, and high labelling requirements. Therefore, traditional global feature

extraction faces challenges in terms of equipment, data sets, and computational costs.

24 Clothing Classification Method Based on Deep Learning

Deep learning plays a crucial role in clothing classification, mainly using deep
learning models such as CNN to learn clothing image characteristics automatically.
Through continuous optimization of data sets, model architectures, and evaluation methods,

clothing classification accuracy and efficiency are improved.

2.4.1 Clothing Classification Based on Deep Network

Deep learning plays a crucial role in clothing classification. This research aims to
achieve accurate classification and search of clothing images by establishing and training
deep learning models. For example, Helwan (2021) explored the use of deep learning
technology to classify different types of clothing images, and Mohanty et al. (2022)
proposed a modified multi-category classification method for different types of clothing.

Table 2.4 illustrates the application of neural networks to clothing classification.
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Table 2.4:  Deep network clothing classification method
Data Scene Evaluation
Authors Tasks Advantage Limitations Application
set | complexity index
Multi-label classification . Precision High resource
. N Multi-label s . Scenarios for
algorithms and decision . . rate 73%, Improved consumption and
(Yang, classified clothing intelligent
tree algorithms, ) Recall rate | recommendation | reliance on a large ‘
2022) dataset; recommendation
Identification of clothing 43% and F1 | accuracy amount of )
High of clothing styles
styles score 55% annotated data
. Resource
Multi-label o E-commerce
CNN model and o consumption is
‘ ‘ ‘ ‘ o classification ‘ platform,
(Shin et improved convolutional Fashion-MNIST; | Precision ‘ high. Model ‘
‘ ‘ ‘ algorithm - personalized
al., 2023) | and pooling layer image Medium 93% ] training is complex. ) )
. . improves user services, fashion
classification technology . . Depend on data o
satisfaction . applications
quality
Multi-scale
Local global attention . c _ Dioiti lassi
. eature omputing resource | Digitize, classi
(Yang et | mechanism, multi-scale Fashion-MNIST; | Accuracy . . P g s S g
) extraction, high | consumption and and identify
al., 2021) | densely connected units, | High 95.18%

image classification
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Table 2.4 continued
‘ ‘ ‘ Fabric defect ‘ Magnified images ‘
(Liu et al., | Single feature, Identify Accuracy | Data set detailed Clothing
‘ ‘ database; ‘ have lower ‘
2016) classification . 76.4% annotation . retrieval task
Medium detection rates
Extreme learning; Online
(Lietal.,, | Sequential Extreme Deep Fashion; Accuracy | The model has no High model Clothing image
2021) Learning Machine High 93.98% outliers complexity classification
(OSELM)
) o Computing resource | CAD systems
‘ ‘ High-precision, ‘ ‘
(Wang & | Transfer learning; genetic | E-commerce o ‘ consumption, for clothing
‘ o ) Precision | comprehensive o ‘ ‘
Chen, algorithm optimization, | datasets; o | requiring a large design, textile
95% utilization of multi- _
2024) XGBoost High . . amount of labelled | and fashion
feature information .
data industry
Requires a large
Convolutional Neural o . _
. ) o amount of training | Online clothing
(Yuetal.,, | Network (CNN); Deep Fashion; Accuracy | High precision and ) )
data and computing | shopping
2021) Enhanced Capsule High 84.2% good robustness
resource platform
(EnCaps) Network ‘
consumption
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Table 2.4 continued
Generative adversarial . . There are Generate
(Zeng et Deep Fashion; Improved quality of . o
network; dual-path - . generation errors clothing image
al., 2020) . High generated images .
attention model for complex images | scene
Average )
‘ Scenarios that
Image reconstruction reconstruc )
(Danopoul ‘ ‘ . o require fast,
using generative Deep Fashion; tion time | Improve speed and ‘ ‘
osetal., ‘ _ ‘ - efficient, high-
adversarial networks High 15 0.013 efficiency o
2021) quality image
(GAN) MS, 43 dB .
reconstruction
PSNR
Workplace
(Truong & | Construct new datasets Character . S
. . . Accuracy | High accuracy and | Applicability safety
Yanushke | and propose soft attention | clothing pairs and o o o
) ) ) 98.55%=0. | good generalization | limitations and data | monitoring,
vich, units; Mask RCNN and segmentation
35% ability set limitations retail operations,
2021) ResNet101V2 masks; Medium

etc.
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Referring to Table 2.4, deep network clothing classification methods utilize
advanced algorithms and multi-feature extraction techniques to improve recommendation
accuracy. Several methods demonstrate high accuracy and robustness in evaluation,
enabling precise clothing item identification. However, challenges such as resource
consumption, model complexity, dataset limitations, scenario constraints, and algorithmic
limitations exist. Addressing these challenges requires additional research to enhance the

applicability and effectiveness of deep networks in clothing classification.

2.4.2  Clothing Classification Based on Supervised Learning

Clothing classification is based on supervised learning, including supervised,
unsupervised, and semi-supervised learning. The difference between the three is whether
to use labelled data to process related data. Supervised learning relies on labelled data for
training. Unsupervised learning focuses on discovering structures and patterns from
unlabelled data. Semi-supervised learning tries to combine the advantages of both, using a
small amount of labelled data and a large amount of unlabelled data. Labelled data to

improve the learning efficiency and accuracy of the model.

For example, Liu et al. (2023) proposed a multi-modal matching framework based
on generative adversarial networks (GAN). Using supervised learning signals, including
images and text descriptions, the generator produces realistic and compatible images with
the input clothing. Rasmus et al. (2015) A semi-supervised method that combines
supervised and wunsupervised learning. Through backpropagation, the model
simultaneously minimizes the sum of the supervised and unsupervised cost functions,

avoiding hierarchical prediction. Table 2.5 shows related work on supervised learning.
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Table 2.5: Supervised learning clothing classification method
Learning Data Scene Evaluation
Authors Advantage Limitations Application
style set | complexity index
Colourful fashion ‘ ‘ ‘
‘ ‘ ‘ Self-supervised and Semantic segmentation
(Han et | Semi- parsing dataset (22 Pixel ‘ ‘
‘ . _ unsupervised Inefficient for task on small-scale and
al., supervised clothing categories Accuracy _ . o
. contrastive learning | large data sets unevenly distributed
2023) | learning and 1 background 92.77% .
‘ patterns and colours clothing datasets
category), medium
Female clothing
Semi- . Average | Improve
. image dataset .
supervised . precision | performance and
(Wang, ) (10,200 training set Dependence on
learning; . 76.85%, | reduce labour costs Suitable for tasks that lack
2021) ‘ images and 3300 | large-scale data
unsupervised ‘ Average | When labelled data is labelled data
‘ test set images), ‘
learning . 72.88% lacking.
high
Insufficient
(Yoshino ‘ ‘ - ‘ recognition
Supervised Gait recognition, Accuracy | Generate high- Contactless person
et al., ‘ ‘ ‘ o accuracy when | =~ ‘
learning medium 94.4%, quality gait images . identification required
2022) wearing

different clothes
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The supervised learning clothing classification method presents a series of
characteristics and application aspects in the table. First, these methods use various data
sets and learning styles, such as semi-supervised learning, semi-automatic encoding
transformation, data augmentation techniques, etc. Second, these methods show high
accuracy and performance in terms of evaluation metrics, such as pixel accuracy and
average accuracy. Advantages include improved performance, reduced labour costs,
improved classifier robustness, etc. However, these methods also have some shortcomings
and limitations, such as strong dependence on large-scale data, possible inefficiency on

specific tasks and data sets, and the introduction of noise.

2.5 Research Status of Multi-modal Feature Fusion

Multimodal feature fusion aims to integrate information from different sources to
improve model performance and decision-making capabilities. This process involves a
variety of methods, including concatenation, feature-level fusion, dynamic fusion,
hypergraph-based self-supervised multi-modal representation learning, and dual attention
networks. This thesis focus on the splicing method of multi-modal fusion, aiming to
improve the performance of the algorithm, enhance the interpretability of the model, and
enhance classification accuracy. In the process of multi-modal fusion, there are key issues
such as how to effectively process and integrate data from different modes and how to deal
with heterogeneity between different modes. Figure 2.4 shows the mapping process for

multi-modal features.
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Figure 2.4:  Mapping process of multi-modal features

2.5.1 Classification of Multimodal Fusion Architectures

The multi-modal fusion architecture covers serial, parallel, and deep fusion
structures. In clothing classification prediction, the serial structure focuses on improving
model performance by processing data or features from different modes sequentially.
Correspondingly, while parallel structures process data from different modes
simultaneously, transfer learning is an application of parallel structures that assists modes
that lack data. The flexible sorting method used in deep multi-task learning (MTL) shares
layers more effectively and meets the needs of multiple tasks (Meyerson & Miikkulainen,

2018).

In addition, Nagrani et al. (2021) use the Transformer structure to process multiple

modes, such as multi-modal fusion and classification through video frames and sound
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features. For the multi-model-specific Transformer architecture, multi-modal pre-training

can improve classification performance Xu et al. (2023).

Overall, the classification of multimodal architectures covers all aspects of
consideration, from model design to training methods. This highlights the diversity and

complexity of multimodal learning.

2.5.2 Research on Multi-modal Fusion Methods

Research on multi-modal fusion methods primarily focuses on feature fusion and
model fusion. Feature fusion typically involves techniques like splicing and addition to
combine features from different data sources into a single representation. Model fusion, on
the other hand, often utilizes methods such as Stacking and Blending to combine the

outputs of multiple models, thereby enhancing overall accuracy.

Table 2.6 shows the application of various learning methods and data sets of multi-
modal fusion to process multi-modal data. These methods involve different learning
technologies, reconstruction algorithms, multi-scale fusion, reinforcement learning, etc.,
and use multiple data sets at the same time, such as Deep Fashion, Fashion MNIST, etc.
These methods make full use of features from multiple categories, reduce background
interference, and improve image recognition and analysis capabilities. However, these
methods also have some shortcomings and limitations, such as difficulty adjusting model

parameters and high computational complexity.
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Table 2.6:  Research on multi-modal fusion methods
- Data Scene Evaluation
Authors | Learning style . . Advantage Limitations Application
set complexity index
Make full use of multi-
. Deep Fashion, It is difficult to Scenes with
(He et al., | Multi-category . Accuracy | category features. .
‘ Fashion MNIST; adjust model complex
2020) | fusion . 95.00% | Reduce background
High parameters. backgrounds
interference
‘ Improved the imaging | The specific ‘ ‘
‘ Slice-level . Security detection
(Zhang et | Multi-feature o system's ability to performance
. millimetres wave - S . field, non-contact
al., 2022) | fusion method . identify different parameters studied . .
radar data; Medium . detection scenarios
dangerous targets were not mentioned
Fashion e-
) . Combining frequency High commerce platform,
(Yuetal., | Reinforcement Clothing-8, Deep Accuracy . . . . .
) ) ) domain and spatial computational clothing design and
2023) learning Fashion; High 94.62% ) ) )
information complexity production, security
field
. Multimodal . Improve image Combine global and
(Li et al., Deep Fashion; Accuracy . | For complex
feature recognition and analysis . . local features for
2023) o High 87.78% . classification tasks o
classification capabilities. classification
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2.6  Research on the Combination of Clothing Classification Prediction and
Personalized Recommendation

Research on clothing classification and personalized recommendations centers on
two main technologies: using (Artificial Intelligence) Al, like deep learning, to classify
clothing images and predict attributes, and analyzing user behavior and preferences to
generate personalized recommendations. Combining these technologies can improve user

experience and the accuracy of recommendation systems.

2.6.1 Clothing Classification Prediction Algorithm

Clothing classification prediction mainly uses deep learning models to classify and
attribute predictions of fashion categories and subcategories to improve the identification
and recommendation of fashion items (Amin et al., 2023). Hu et al. (2023) proposed a
clothing image classification prediction model based on feature extraction and sine and
cosine algorithm optimization (Stochastic Configuration Networks) SCN and improved
classification accuracy by introducing multi-channel parallel convolution, pooling, and
batch normalization operations. The classification diagram of clothes is shown in Figure

2.5.
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Figure 2.5:  Basic process of clothing classification

2.6.2  Personalized Clothing Recommendation Algorithm

The  personalized recommendation  algorithm  provides  personalized
recommendation results and experiences for the recommendation system by analysing
information such as user attributes, behaviour, and context. Recommendation algorithms
are the core technology behind individualized recommendations. Wang et al. (2019)
proposed a method based on users' historical behaviour’s and preferences, which can
effectively predict clothing users may be interested in, demonstrating efficiency and
accuracy in processing large-scale data sets. Sivaranjani et al. (2023) proposed a fashion
clothing recommendation architecture based on machine learning and summarized and
analysed related research work on key technologies such as compatibility prediction and
diagnosis, and intelligent clothing generation. He and McAuley (2016) combine visual
recognition technology to extract dressing styles and habits by analysing pictures uploaded

by users. This is done to improve personalized clothing matching accuracy.

2.7  Research on Clothing Prediction Algorithm Based on Multi-modal Fusion

In clothing prediction algorithms, multi-modal fusion methods can
comprehensively utilize information from different data forms (such as images, text, user
behaviour, etc.) to improve data processing efficiency and accuracy. This section will

introduce several common deep learning models, including Temporal Convolutional
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Network (TCN), Resnet, one-dimensional convolution and two-dimensional convolution,

and their application in multi-modal fusion clothing prediction algorithms.

2.7.1 Temporal Convolutional Network (TCN)

Bai et al. (2018) proposed a multivariate time series forecasting method that utilizes
temporal convolutional neural networks (TCN) to process sequence data. This method
extracts information from the time dimension through convolution operations. It uses
dilated convolution to capture temporal relationships and long-term dependencies more
effectively in time series data. With this approach, the model can predict more accurately
future trends and patterns in multivariate time series. In the task of clothing prediction,

TCN has the following advantages for clothing prediction.

First, TCN uses convolution operations to parallelize calculations. This allows the
algorithm to better utilize modern hardware's parallel computing capabilities when
processing large-scale data, thereby improving training and inference efficiency
(Yamamoto et al. 2020). Second, compared with typical recurrent networks (such as LSTM
and GRU), the TCN architecture is more accurate, but also simpler and clearer. This
structural advantage helps the model better understand and process data (Lea et al., 2016).
Finally, combined with the multi-modal feature fusion method, TCN can be input in a
single form, such as keywords, related text, etc. This flexibility enables the algorithm to

adapt to more application scenarios and needs (Han, 2023).

TCN, the model diagram is shown in Figure 2.6, where is equal to input length,
is equal to kernel size, is proportional to dilation base, = , and for complete
historical coverage is the minimum number of residual blocks, where can be

calculated from other values.
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Figure 2.6: TCN model diagram (Bai et al., 2018)

2.7.2  Residual Network (ResNet)

A residual network (ResNet) was proposed by He et al. (2016) avoid the
degradation phenomenon during deep network training. Network training and optimization
become more challenging as the number of layers increases. Deep networks will perform
worse if gradient information disappears or explodes. For this problem, ResNet introduces
the residual module, which learns the network residual mapping to make training easier. In
addition, ResNet uses small convolution kernels and deeper network structures to improve
expression capabilities and learning efficiency. To compare ResNet’s advantages in
classification performance, the thesis analyzes mainstream models and lightweight

classification models, as shown in Table 2.7.
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Table 2.7:  Accuracy Evaluation of Different Models for Tuning on the Same Validation Set (Mathur, 2020)
Authors Model Network Accuracy Advantage Limitations Application
) ) ) ] Large parameter size, | Image
(Hiraoka et al., HRNet High- High-resolution ' ' '
80.32% high computational segmentation, pose
2023) Resolution features o
cost estimation
Performance inferior _ .
(Chen et al., 2022) | ShuffleNet | Shuffle-based | 88.31% | Low parameter count Object detection
to deep networks
(Sharma et al., EfficientNe | Compound
) 93.17% | High performance Large model
2023) t Scaling parameters, high
. . Image
(Fan et al., 2021) AlexNet | Convolutional | 47.22% | Breakthrough success | computational cost o
classification,
Dense Dense connections, Large model : :
(Altaf et al, 2023) | DenseNet . 84.61% object detection,
Connections feature reuse parameters ] o
mobile applications
(Kulkarni et al., MoblieNet Depth wise Performance inferior
92.82% | Low parameter count
2023) V2 Separable to complex networks
(Sahithi and Parameters138 ‘ ‘ . Many parameters, the | Feature extraction,
) ) VGG16 71.70% | High fitting ability S _
Vigneshwari, 2023) M training time is slow transfer learning
(Krueangsai and Avoid gradient Overfitting risks and Object detection,
) ResNet50 23M 95.60% ) o ) )
Supratid, 2022) disappearance complexity increase image segmentation
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Figure 2.7:  ResNet residual block

ResNet’s residual blocks are a crucial part of the network, also known as “identity
mapping”. As shown in Figure 2.7. These residual blocks directly pass the input  to the
output through “shortcut connections”, so that the output result can be expressed as

( )= ( )+ .Inthisequation, if the residual ( ) is equal to 0, then ( ) is equal to
the input , which is the identity mapping. Therefore, the ResNet learning goal is no
longer simply to learn a complete output but the difference between the target value ()
and the input , that is, the residual ( ) = () — . This design allows the network to
learn residuals more easily and train deep neural networks more efficiently. This alleviates

problems such as vanishing or exploding gradients.

2.7.3  One-dimensional Convolution(1DCNN)

The 1DCNN model is designed to process one-dimensional sequence data like text
or time series. It captures local relationships in sequences more effectively than
traditional fully connected networks, making it ideal for tasks such as speech recognition,
natural language processing, and time series prediction. The model uses a convolutional
kernel that slides over the input sequence, extracting features at each step. Figure 2.8

illustrates a diagram for performing one-dimensional convolution.
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Figure 2.8:  Computation of one-dimensional convolution

Johnson and Zhang (2017) proposed that one-dimensional convolution is used for
text classification in text classification tasks. The core of one-dimensional convolution lies
in its way of processing data: sliding a sliding window (also called a convolution kernel)
on the input sequence, calculating the sum of the products of the data in the window and
the convolution kernel, and generating a new output sequence. This operation is not only
applicable to image data but also to text and time series data. As shown in Figure 2.9, the

result is obtained after a convolution operation is performed between an area in the picture

and a convolution kernel.
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Figure 2.9:  Convolution operation

To obtain the result, a value corresponding to the corresponding position of the area
is multiplied by a value corresponding to the corresponding position of the convolution
kernel. This is done to obtain the value related to the area position. Finally, the result is
calculated after multiplying all the results and summing them up. The formula for

calculating one-dimensional convolution is as follows:

— - Equation 2.1
”'”'”c*f'f'”c'n'c—{w+1][n+2p fﬂ}'”'c quation
N s

: Input data size;
n.: Number of channels for input data;
f : Convolution kernel size;
n',: Number of convolution kernels
p: Padding size
s: Stride

*: Convolution operation
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2.74 Two-dimensional Convolution(2DCNN)

In image processing, 2D convolution is a commonly used technique. It uses a
smaller matrix (called a waveform kernel or filter) to perform local damage at various
positions of the input data to extract important characteristic information from the data. By
using different waveform definitions, multiple feature maps can be produced, each
capturing and expressing different aspects of the input data. Such feature maps can be used
to represent differences in input data. Furthermore, to improve computational efficiency,
the two-dimensional surface algorithm also includes some fast algorithms to speed up the
processing process by reducing the multiplicative invasion of noise (Cheng & Parhi, 2020).
These convolution kernels slide on the input data and are multiplied element by element to
finally generate an output feature map. This process is not limited to the field of image
processing but has also been applied to other fields, such as multi-task learning of time

series data (Yeh et al., 2023).

In image processing, two-dimensional convolution is not only used in specific
application cases such as feature extraction and image filtering but is also a key technology
to achieve complex image recognition and classification tasks. This can also be done by
converting convolution calculations into matrix multiplication and using heterogeneous
convolution filters. Convolution improves deep learning models' computational efficiency

(Singh et al., 2019).

For example, the formula for two-dimensional convolution represents the input
image matrix and is convolved with the matrix to obtain a new matrix, which represents
the output image. Here, the indices are related to the image matrix, while the indices are

related to the kernel matrix.
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2.8  Research Gap

Existing research has certain limitations in taking full advantage of modal fusion
complementarity and compatibility. Zhang et al. (2020) proposed an improved framework
for clothing matching based on item compatibility (Radford et al., 2021). It does not rely
on visual features but exclusively uses text descriptions, especially title sentences, to build
basic features. A long-short-term memory (LSTM) network generates feature embeddings
from title sentences. By integrating these embeddings in a compatibility matrix
characterized by a style compatibility space, a style compatibility space is created. The
framework is evaluated on three large-scale clothing datasets to demonstrate its

effectiveness compared with baseline methods.

Chen et al. (2022) proposed a personalized clothing compatibility prediction model
that encodes visual features of users' clothing preferences and measures attention and
clothing compatibility in different regions. Finally, the two modules are jointly optimized
to enhance the model's predictive ability. However, the comprehensiveness of multi-modal
fusion has not been mentioned, especially in terms of the model's effective integration and
balance of text and visual information (Kim et al., 2021). Table 2.8 provides an analysis of

the gaps between current literature and unresolved issues in the field of research.
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Table 2.8:  Research Gap Analysis
Authors Methodology Existing Solutions Limitations Research Gap
Relies exclusively on Inadequate exploitation of
Focuses on visual information, Improved framework using
(Zhang et | ‘ ‘ ‘ text descriptions modal fusion
integrating text and visual features for | LSTM for feature embeddings . o .
al.,2020) ‘ ‘ o ‘ without utilizing visual | complementarity and
a comprehensive representation. from text descriptions (titles) o
features. compatibility
‘ ‘ Does not mention the Lack of comprehensive
Uses 2D lution for i d Personalized model encoding o ' ' o
(Chen et ses 2D convolution for image an effective integration multi-modal fusion in
1D convolution for text to capture visual features and measuring
al., 2022) essential information from both o . . and balance of text and | predicting clothing
daliti attention in clothing regions. . . . o
modalities. visual information. compatibility
Does not utilize visual
Aims to provide a more balanced and | Framework based on item Limited balance and
(Radford | ‘ o o features, potentially ‘ ‘ ‘
integrated approach by leveraging compatibility using title o integration of text and visual
etal, . _ . limiting the model's . o
weighted fusion of multi-modal sentences for feature . . . features in fashion item
2021) o effectiveness in multi- .
features. embedding in a style space. ‘ analysis
modal environments.
Introduces a personalized clothing Discussed challenges in modal | Insufficient exploration . o
. o . . . . . Evaluation based on limited
(Kim et prediction algorithm based on fusion but did not propose a of effective multi- .
feature sets, leading to less
al., 2021) | comprehensive multi-modal feature comprehensive multi-modal modal integration

fusion to improve predictive accuracy.

integration approach.

techniques.

effective predictions
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To solve the above problems, this thesis proposes an innovative method: the multi-
modal weighted combination method. This method mainly relies on visual information and
aims to provide a more comprehensive representation of fashion items through the
weighted fusion of multi-modal features (including visual information and text information)
(Lu et al. 2021) . In addition, this thesis proposes a personalized clothing prediction
algorithm based on multi-modal feature fusion (Shi et al., 2021). The algorithm consists of
four main parts. The feature extraction module uses two-dimensional convolution for
image feature extraction and one-dimensional convolution for text feature extraction. Its

goal is to capture essential information embedded in images and descriptions.

2.9 Chapter Summary

This chapter conducts a comprehensive review of related research about clothing
classification and personalized prediction. First, the literature review starts with traditional
clothing classification methods and discusses classification methods based on local and
global features. It also introduces classification methods based on deep learning, including
convolutional neural networks, recurrent neural networks, and supervised learning methods.
Following this, the literature review discusses the current research status of multi-modal
feature fusion in detail, including a classification of multi-modal fusion architectures, a
discussion of multi-modal fusion methods, and an overview of multi-modal fusion

applications.

Then, the literature review explores research on clothing prediction and
personalized recommendation. This includes a review of individualized clothing
recommendation algorithms, a review of clothing sales prediction algorithms, and a

combination method of personalized recommendations and clothing sales prediction.
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Finally, the literature review also analyses research on clothing classification and

customized prediction algorithms.

Based on these studies, this thesis proposes a personalized clothing prediction
algorithm based on multi-modal feature fusion to fill the research gap in the current
research field. Through comprehensive discussion, this chapter summarizes previous

research results and provides a theoretical and practical basis for subsequent research.
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CHAPTER 3

METHODOLOGY

3.1 Overview

This chapter outlines the methodology used in this research, providing a
comprehensive framework for the dataset, materials, and models involved.  Section 3.2
describes the dataset in detail, with subsections 3.2.1 and 3.2.2 focusing on image and text
data, respectively, explaining their structure and how they are processed. Section 3.3
presents the study materials, including the hardware and software tools utilized for the
experiments.  In Section 3.4, the proposed methodological framework is introduced,
serving as the foundation for the subsequent model development. Section 3.5 discusses
the process of model analysis and construction, leading into Section 3.6, where a
personalized clothing prediction algorithm based on multi-modal feature fusion is proposed.
Section 3.7 focuses on optimizing evaluation indexes for multi-classification tasks,
covering topics such as multi-classification methods, confusion matrix evaluation, speed
indicators, and the use of cross-validation.  Section 3.8 presents the proposed models,
including detailed descriptions of the TCN-ResNet, IDCNN-ResNet, TCN-2DCNN, and
IDCNN-2DCNN models, each of which is further elaborated in subsections 3.8.1 to 3.8.4.
Section 3.9 covers the optimization of the models to enhance performance. Finally,
Section 3.10 summarizes the content of this chapter, emphasizing the significance of the

methodologies and models discussed.

3.2 Dataset

The study utilized sales records from the Italian fast fashion company Nunalie from

October 2016 to December 2019 as its dataset (Ekambaram et al., 2020) . This dataset
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encompasses sales data for 5,355 items, providing extensive multi-modal information,
including product descriptions, images, and prices. The dataset’s diversity enhances the

comprehensive analysis and prediction of fashion product sales performance.

The ratio of training, test, and validation sets in the dataset is 8:1:1, with image data
divided into six folders. They are Al17, AI18, AI19, PE17, PE18, and PE19. In the fashion
industry, Al typically stands for Autumn-Winter (from the Italian or French term
"Autunno-Inverno"), while PE stands for Spring-Summer (from the Italian term
"Primavera-Estate"). These folders contain 864, 999, 1,084, 955, 776, and 899 fashion
clothing pictures. In addition to unstructured image data, structured data consists of 21
columns, including 1-12 weeks of clothing sales data, as well as details of season, color,
fabric, day, week, month, year, label, category. The data collection method entails
organizing image data within a folder containing the “images” directory and a comma-
separated values (CSV) file listing the image file name. Textual data is stored within the

columns of this CSV file.

Validation sets are employed throughout model training to monitor and adjust
model performance. The model checkpoint callback function saves the model parameters
that exhibit the best performance on the validation set. Upon completion of training, the
best-performing model is loaded and evaluated using the test dataset. Confusion matrices
and classification reports are generated to assess the model’s performance and
generalization ability. Within the dataset, picture category labels are replaced with
numerical labels; for instance, “Al19” is replaced with “2” and “PE19” with “5”. The

algorithm implementation utilizes lambda and map functions.
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3.2.1 Image Data

In the Visuelle’s dataset, image data is categorized by year and season, labelled as
All7, AI18, AI19, PE17, PE18, and PE19. Specifically, AI17, AI18, and AI19 correspond
to the Autumn-Winter seasons of 2017, 2018, and 2019, while PE17, PE18, and PE19
represent the Spring-Summer seasons of the same years. These six categories reflect
different fashion styles, with each style corresponding to a time window equivalent to a

six-week prediction horizon.

Each product is associated with an RGB image, with resolutions ranging from 256
to 1,193 pixels in width and 256 to 1,172 pixels in height, having median values of 575 and
722 pixels, respectively. These images were captured in a controlled environment to ensure
color accuracy and minimize potential prediction bias. Each image depicts a clothing item
against a white background and includes a binary foreground mask to aid in distinguishing

the item from the background. Figure 3.1 illustrates clothing images.

The preprocessing of the image data involves loading image files, resizing, and
normalization. Subsequently, the image data is stored as NumPy arrays and loaded into
variables for training and testing purposes. Each image array has a shape of (64, 64, 3),

representing the width, height, and number of RGB channels.
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Figure 3.1:

Sample images representing various product categories within the

VISUELLE dataset (Skenderi et al., 2022)

3.2.2 Text Data

Each product is linked to six folders (AIl7, AIl8, AlI19, PE17, PE18, and PE19),
which represent six distinct, non-consecutive time periods. Each period is segmented by
weeks, showcasing a unique fashion style, and these were extracted and validated by the
Nunalie team. Products are sold during a specific season and released on a particular day.
This temporal information is recorded as a text string. During training, the code snippet
initially removes image paths, release dates, and structural details from the training and test

dataset. The non-numeric data is labelled and converted into an array format suitable for

model input.

In the text data, Figure 3.2 shows the number of purchases by customers from
January to December and the ID renderings of clothing sold by the store. Clothing colour

data is included in the data set of more than 770,000 clothing sales texts. Clothing colour
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data includes black, blue, brown, green, grey, red, violet, white, and yellow. As shown in

Figure 3.3.
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Figure 3.2:  Clothing sales data (Skenderi et al., 2022)
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Figure 3.3:  Color data distribution (Skenderi et al., 2022)
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33 Study Materials

There are several key components to implement a multimodal fusion personalized
clothing prediction algorithm. The first step in processing large-scale data and performing
complex calculations is to utilize high-performance computing devices. Several algorithms
are used to process these data, including pre-processing, identifying features, and
recognizing images. Large-scale data can be stored and managed using storage and
management systems, which provide backup, disaster recovery, access control, and other
features. Personalized clothing predictions are conducted using the deep learning
framework Keras. This new model is then subjected to algorithmic and model optimization.
For example, parameter tuning, feature engineering, model structure adjustment, hardware

optimization, etc.

3.3.1 Hardware

1. Processor: Intel64 Family 6 Model 142 Stepping 9 processor, clocked at
approximately 2701 MHz.

ii. ~ Memory: Physical memory overview is 12,187 MB, available physical
memory is 6,056 MB. Peak virtual memory is 16,155 MB, available virtual
memory is 7,352 MB.

iii.  The model was implemented using Keras and trained on an NVIDIA A100
(40GB) GPU.

iv.  BIOS version: Dell Inc. 1.5.4, dated 2018/1/31.

v.  Network Adapters: There are 4 network adapters installed in the system,
including Bluetooth device, Realtek PCle GBE Family Controller (variable
bandwidth), Intel(R) Dual Band Wireless-AC 3165 (wireless bandwidth),

and Microsoft Wi-Fi Direct Virtual Adapter.
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To complete the research, it is necessary to have a computer with high performance.
The computer requires a certain amount of memory and peak virtual memory and comes
with multiple network adapters, including wired and wireless connectivity options. The
computer has an older BIOS version that still supports the normal operation of this

hardware configuration.

3.3.2 Software

Anaconda includes the Python interpreter and many commonly used scientific
computing and data science libraries, such as NumPy, Pandas, and Keras, which typically
uses TensorFlow as its backend APIL. It also provides a convenient package management
system (Conda). The installation of Anaconda simplifies the configuration and
management of the Python environment, making the setup and use of libraries like Keras
and TensorFlow more convenient and efficient. The interfaces of Anaconda and PyCharm

during operation are shown in Figures 3.4 and 3.5.
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Figure 3.6:  Proposed a methodological framework

The section outlines the comprehensive process of data preparation, model training,

and final testing in the research on personalized clothing prediction. Figure 3.6 illustrates

the overall framework of the proposed method.

Initially, the data input consists of text and image data. The text data includes

attributes such as season, color, and other descriptive features extracted from product

descriptions, which characterize each fashion item. The image data is categorized by year

and season, labeled as AIl17, AI18, AI19, PE17, PE18, and PE19, representing six distinct

fashion styles corresponding to time windows equivalent to a six-week forecast period.

These unique styles capture the evolving nature of consumer preferences in the fast fashion

industry.
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Subsequently, the process of data feature extraction and multi-modal fusion is
discussed. Text and image features are processed separately: image data features are
extracted using four different models (IDCNN - ResNet, TCN - ResNet, 2DCNN - ResNet,
IDCNN - 2DCNN). These extracted visual features are then fused with text features in a
multimodal fusion block, generating a comprehensive feature representation that enhances

the predictive ability of the model.

During the training phase, the model is trained using data from the AIl7, AIlS,
Al19, PE17, PE18S, and PE19 styles. These datasets encompass different years and seasons,
enabling the model to learn diverse data patterns. In the testing phase, AI19 and PE19,
which are closest to current fashion trends, are selected to verify the model, ensuring the

relevance and accuracy of its predictions.

Finally, the output from the test phase is analyzed using a confusion matrix to
evaluate the model’s accuracy. Based on this analysis, the model is further optimized to
enhance its predictive capabilities. The optimized model is validated through cross-

validation to ensure robustness and reliability across different data subsets.

3.5 Model Analysis and Construction

The model analysis section comprehensively evaluates and compare four different
models. First, a series of performance evaluation metrics, including accuracy, precision,
recall, and F1 score, will be used to measure the performance of each model. Second, the
experimental design, including each model's selection and tuning process of
hyperparameters, is described below. Then, the four models will be compared in detail to
analyze their advantages and disadvantages. Through in-depth analysis of experimental

results, explore the performance of each model under specific conditions, as well as its
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stability and generalization ability. Finally, visualization tools such as charts and curves
will be used to visually demonstrate the performance and behaviour of the models,
facilitating a clearer understanding of the differences, strengths, and weaknesses between

them. The steps of model construction are illustrated in Figure 3.7.
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Figure 3.8: A multimodal feature fusion framework for clothing sales forecasting
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Figure 3.8 illustrates a multi-modal feature fusion framework for predicting
clothing sales by integrating text and image data. The framework includes a Text Encoder
that processes clothing sales data, such as season, category, color, and sales figures, to
extract meaningful textual features (77, 7>, ..., Ty). Simultaneously, an Image Encoder
processes images of clothing items to extract visual features (/;, I, ..., In), capturing the
appearance, style, and design elements. These text and image features are then combined in
a fusion block, where each cell represents a combination of text and image features (e.g.,
I;T;, IT,), forming a comprehensive feature matrix.  This fusion allows the model to
learn from both modalities, enhancing its ability to make personalized clothing predictions

by leveraging a more complete view of each product.
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Figure 3.9: Detailed flow of multimodal feature extraction and fusion

Figure 3.9 demonstrates a detailed example of the multi-modal feature fusion
process for personalized clothing prediction. The framework starts with structured text data
inputs, including season, category, color, and sales information, which are transformed into
a descriptive sentence like "A photo of a {object}" and processed by a Text Encoder to
generate textual features (77, T, ..., Tv). Concurrently, the Image Encoder extracts visual
features (/;) from the clothing image. These features are then fused into a combined
representation (/;7, I;T>, ..., I;Ty), which integrates both the descriptive text and visual
elements of the clothing item. This fused representation is used to enhance the model's
prediction accuracy, allowing it to provide personalized recommendations, such as

identifying a picture of a T-shirt among other items.

In response to the limitations of traditional single-factor models in fully utilizing
time series-related information, resulting in poor accuracy and reliability in time series

prediction, a time series prediction model based on multi-modal information fusion is
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proposed. For prediction, this model fuses textual and numerical data into modal data. G.
Skenderi et al. (2022) proposed visual recognition involves supervised learning of human-
annotated image label data and language-image contrastive learning of network-extracted
image-text pairs. A novel formula is introduced by combining image labels and text into
a common image-text-label space. This thesis integrates the perspectives proposed in these
two studies to combine time series table data and image label data. This is for predicting
fashion and clothing categories. It aims to recommend fashion categories to consumers. As

shown in Figures 3.8 and 3.9, it is the study of multi-modal fusion (Radford et al., 2021).

During the multi-modal fusion process, the algorithm incorporates textual data such
as user preferences, purchase history, and season to enrich the model's training dataset. As
a result of this integration, user preferences and trends can be reflected in the visual

characteristics of clothing.
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Figure 3.10 illustrates the feature processing and decision-level fusion strategy in a
multi-modal clothing recommendation system. It details how features are extracted from
both text and visual data, processed through multi-layer perceptrons (MLP), and classified
via Softmax layers, with the results fused at the decision level to generate the final
recommendation.  For text feature extraction, methods like Temporal Convolutional
Network (TCN) or 1D Convolutional Neural Network (1D CNN) are used to process input
data such as clothing sales, categories, and colors. These models, including TCN-ResNet,
IDCNN-ResNet, TCN-2DCNN, and 1DCNN-2DCNN, convert the text data into context
embedding vectors ( ) that capture semantic features. These vectors are then fed into
an MLP for further transformation, resulting in classification probabilities ( ) through a
Softmax layer.  Similarly, visual feature extraction is performed using ResNet or 2D

Convolutional Neural Networks (2D CNN) on clothing images, producing visual feature

vectors ( ) that are also processed by an MLP and classified via Softmax to generate
probabilities ( ). The decision-level fusion combines these independent classification
outputs ( and ) to produce the final recommendation (), and the performance

is evaluated using confusion matrices to assess predictive accuracy across different

categories, enhancing the system's personalized recommendation capabilities.
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3.7  Optimization of Evaluation Indexes for Multi-Classification

Based on multi-modal fusion, this part discusses how to optimize the multi-
classification evaluation index. It will first be introduced how multi-classification works, as
well as how it applies to customized clothing forecasting. Afterwards, a confusion matrix
will be discussed in depth and its role in evaluating classification performance. After
completing the algorithm development, common multi-classification evaluation indicators
such as accuracy, recall, and F1 score were used to optimize its performance. To ensure
algorithm robustness and reliability, discuss repeated cross-validation and its application to

evaluating model performance and parameter tuning.

3.7.1 Multi-Classification

For personalized clothing predictions, the model uses a multi-modal fusion
approach, integrating both image data and textual attributes (such as season, category,
color and fabric etc). This data is used to train the model in a multi-class classification task,
categorizing fashion items into distinct classes based on trends across different years and

s€asons.

The model is trained on six fashion styles (AIl17, AIl8, AI19, PE17, PE18§, PE19),
which capture evolving trends and consumer preferences. By fusing image and textual
features, the model learns to represent each item comprehensively, improving classification

accuracy by capturing the relationships between visual and descriptive features.

During testing, the model predicts preferences for the most recent trends (AIl9,
PE19), which are aligned with current fashion. ~The model’s performance is evaluated
using a confusion matrix to measure its accuracy in categorizing items into the correct

fashion categories.
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The model produces two key outputs: it predicts various fashion attributes for each
item, such as season, style, and color, by analyzing diverse trend data (AI17, AIl18, AIl9,
PE17, PE18, PE19), offering a detailed depiction of how an item fits into different fashion
categories. Additionally, the model is evaluated using data from AI19 and PE19 to ensure
accurate trend predictions, with a confusion matrix employed to assess its classification

accuracy.

As shown in Figure 3.11, the multi-classification framework is fundamental to the
model’s operation. Supervised learning, specifically multi-class classification, is applied to
handle the multiple categories of fashion items. This ensures that the model not only
understands and predicts fashion trends but also provides accurate, personalized
recommendations based on users’ preferences, derived from their browsing and purchase

history.
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3.7.2

The Confusion Matrix, also called an error matrix, is a valuable tool for evaluating
models' performance in classification problems in supervised learning. In this thesis, the
confusion matrix clearly represents the disparities between the algorithm model's
classification outcomes and the actual scenario. It is primarily applied to multi-
classification problems. Table 3.1 shows the confusion matrix, which provides detailed
explanation and analysis. True Positive (TP) denotes the count of samples accurately
predicted as positive by the model. False Positive (FP) signifies the count of samples
erroneously classified as positive by the model, despite being false positive. True Negative

(TN) represents the count of samples accurately predicted by the model in the negative

Confusion Matrix and Evaluation
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class. False Negative (FN) indicates the count of samples incorrectly classified as negative

by the model, although they are correct.

Table 3.1: Confusion matrix
Class Predict positive class Predict negative class
Actual positive class TP FN
Actual negative class FP TN

Through the confusion matrix, a variety of performance indicators can be
calculated to evaluate the performance of the classification model, such as accuracy,
precision, recall or true positive rate (TPR), false positive rate (FPR) and F1 score, etc. The
advantage of the confusion matrix is that it not only provides the number of
misclassifications but also illustrates which categories have the most prediction errors,

which is very helpful for improving classification algorithms and model tuning.

Accuracy is the most intuitive performance indicator, and its calculation formula is:

TP+TN
TP+TN +FP+FN Equation 3.1

Accuracy =

Precision focuses on how many of the samples predicted as positive are positive. The

calculation formula is:

TP+1IN
TP+ FP

Precision =
Equation 3.2
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Recall or true rate (TPR) focuses on how many of all TP samples are predicted as

positive by the model. The calculation formula is:

TP+TN
TP+ FN

Recall =
Equation 3.3

The F1 score is the harmonic mean of precision and recall and is calculated as:

2x ( Precicionx Recall )

F1 score = —
Precicion+ Recall Equation 3.4
Macro avg, which is the average precision of all classes, where n represents the class,

is calculated by:

n

> P
i=1

Macro avg =

I |~

Equation 3.5

Weighted avg is an improvement on the macro average, considering the proportion of
the number of samples of each category in the total sample:

Weighted avg = ZWZ.Pi
i Equation 3.6

3.7.3  Speed Indicator

In this thesis, factors evaluated for the model’s running speed included
computational effort floating point operations (FLOPs), runtime frames per second (FPS),
and the number of parameters (Params). To comprehensively assess performance, the
experiment adopted a deep learning architecture with convolutional, pooling, and fully
connected layers. Layers were added with different numbers of nodes and layers. Rectified

linear unit (ReLU) activation functions and the Adam optimizer enhanced generalization
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and stability. An appropriate initial learning rate was set, and Dropout layers were added to
mitigate overfitting and improve regularization. To enhance generalization and stability,
ReLU activation functions and the Adam optimizer were used. An appropriate initial
learning rate was set, and dropout layers were added to mitigate overfitting and improve

regularization.

In data preprocessing, input data is encoded, features are selected, and image data is
scaled. Additionally, pre-trained model parameters are loaded. Initially, the model’s
accuracy is assessed, and once a certain accuracy threshold is reached, a speed index is
introduced to evaluate performance. Despite utilizing CPU-only training without GPU
support, hardware resource demands for forward propagation are still considered.
Moreover, Params post-training reflects the model’s memory footprint. As convolutional
operations entail substantial computation during forward propagation, FLOPs are
employed to calculate floating point operations per second. This enables fine-tuning of the
model structure and comparing computational complexity among different models. , ¢
represents input and output channels, K represents the size of the convolution kernel, and H
and W are the size of the output feature map.

FLOPs=(2xC;x K’ =1)x H xW x C,
Equation 3.7

(2xCixK* =1)=(C;x K )+(C;x K -1)
Equation 3.8

While FLOPs estimate computational complexity, the execution time can be
influenced by factors like hardware performance and data size. Therefore, a time function
was incorporated to calculate training time, representing training speed and providing a

direct understanding of the model’s performance on CPU hardware.
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3.7.4  Application of Cross-validation

Cross-validation involves dividing a dataset into smaller parts and repeatedly
training and validating the model to assess its generalization performance and stability. In
this thesis, the dataset was split into training (80%), validation (10%), and test sets (10%)
inan 8:1:1 ratio. ~ The training set was used for cross-validation and model training, the
validation set for interim evaluation and parameter tuning, and the test set for final model

evaluation.

First, a 10-fold cross-validation was performed on the training set. The training
set was divided into 10 equal parts (folds). In each iteration, one fold was used as the
validation fold, and the remaining nine folds were used for training. This process was
repeated 10 times, ensuring that each fold was used for validation once. Performance
metrics were recorded at each iteration. After completing the first round of cross-validation,
the training set was reshuffled, and a second round of 10-fold cross-validation was
performed.  This repeated validation ensured the model was evaluated on different data
partitions, providing a more comprehensive and impartial performance assessment.
Performance metrics such as accuracy were recorded for each iteration of the two cross-
validation rounds.  After both rounds were completed, the results were averaged to
provide a stable and reliable estimate of model performance. The optimal model was
selected based on the average performance across all iterations. Next, the validation set
(10%) was used to further fine-tune the model and adjust hyperparameters. The validation

set remained independent of the training set and was not used during cross-validation.

Finally, the test set (10%) was used to evaluate the final model, ensuring it

performed well on unseen data and fully validating its generalization ability. Thus, the
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repeated 10-fold cross-validation method combined with the use of validation and test sets
ensured the model's robustness, reliability, and accuracy. This comprehensive evaluation of
the model's generalization significantly reduced the risk of overfitting, resulting in an

optimized, stable model suitable for future prediction tasks.

3.8 Proposal Model

In this chapter, four models—TCN-ResNet, IDCNN-ResNet, TCN-2DCNN, and
IDCNN-2DCNN—are proposed to enhance personalized clothing prediction through
multi-modal data fusion. These models combine temporal and spatial feature extraction
using convolutional and residual networks, aiming to improve prediction accuracy and
provide a comprehensive approach to fashion data analysis. Each model is specifically
designed to tackle different aspects of the prediction task, offering a robust framework for

forecasting fashion trends.

3.8.1 Proposal TCN-ResNet Model

The proposed TCN-ResNet model combines the strengths of Temporal
Convolutional Networks (TCN) and ResNet for personalized clothing prediction by

integrating both sequential text data and image data.

TCN is employed for processing sequential data, such as fashion-related attributes
(e.g., season, category, color, fabric). By using dilated convolutions and residual
connections, TCN captures long-range dependencies in the input sequences efficiently,
outperforming traditional RNN models such as LSTM and GRU. In this thesis, TCN
handles a 21x1 text feature sequence, expanding the model's receptive field without
significantly increasing the parameter count, making it well-suited for sequential patterns

in fashion trends. ResNet, renowned for its deep learning architecture, is used to extract
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spatial features from clothing images. By incorporating residual connections, ResNet
enables the training of deeper networks without suffering from the vanishing gradient
problem, making it ideal for extracting detailed visual information from images. The
ResNet portion in this model captures crucial visual features that aid in distinguishing
subtle differences between clothing items.The TCN-ResNet model fuses both types of data
by connecting the TCN and ResNet outputs via a concatenate layer. This hybrid approach
combines temporal patterns from text data and spatial features from image data, which are
then fed into a fully connected layer with a Softmax activation function for personalized
clothing classification predictions. Figure 3.12 shows the architecture of the proposed

TCN-ResNet model for personalized clothing prediction.

The model was implemented using the Keras functional API, and both the TCN and
ResNet components were trained from scratch. Image and sequential data were
preprocessed, and the ResNet50V2 network was utilized to handle image inputs, while
TCN processed the sequential text features. The model training involved careful tuning of
parameters such as epoch count and batch size, with the use of callbacks to save the best-
performing models. By leveraging the complementary strengths of TCN for text data and
ResNet for image data, the TCN-ResNet model effectively addresses the challenge of
personalized clothing prediction with a balance between model complexity and

performance.
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3.8.2  Proposal IDCNN-ResNet Model

The 1DCNN-ResNet model is designed for personalized clothing classification by
combining one-dimensional convolutional neural networks (IDCNN) for text data and the
ResNet architecture for image data. This hybrid model processes both text and image

inputs, fusing the extracted features to make classification predictions.

The IDCNN component is responsible for handling textual data, such as clothing
descriptions and categorical attributes. Its structure includes multiple 1D convolutional
layers followed by pooling layers, efficiently capturing local dependencies in sequential
data. This lightweight architecture processes text inputs (e.g., a 21x1 feature sequence) and
outputs a feature vector representing key patterns in the text. The ResNet component
processes image data, using convolutional and identity blocks to extract deep spatial
features. These features are essential for identifying subtle visual differences in clothing
items. After passing through several layers, the image data are transformed into high-
dimensional feature vectors.Once the text and image features are extracted, the outputs
from the IDCNN and ResNet branches are concatenated to form a unified feature vector.
This combined vector is then passed through a fully connected layer for final classification
using a Softmax activation function. Figure 3.13 shows the architecture of the proposed

IDCNN-ResNet model for personalized clothing prediction.

The model was built using the Keras functional API, with CSV files used to load
and preprocess the datasets. During training, the model checkpoint callback saved the best
model, and training performance was monitored via loss and accuracy curves. After
training, the best model was evaluated using confusion matrices and classification reports

to assess prediction accuracy. This fusion of IDCNN and ResNet leverages both textual
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and visual data, offering a comprehensive and efficient solution for personalized clothing

prediction tasks.
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3.8.3 Proposal TCN-2DCNN Model

The TCN-2DCNN model integrates both Temporal Convolutional Networks (TCN)
for handling sequential data and 2D Convolutional Neural Networks (2DCNN) for
processing image data, aiming to improve personalized clothing prediction tasks by

leveraging multi-modal data.

The TCN component, designed for time series data, employs residual blocks
(ResBlocks) to address common challenges in deep network training, such as vanishing
and exploding gradients. Each ResBlock includes two ConvlD layers with residual
connections, allowing the model to learn residual information and train more effectively.
This design helps in capturing temporal dependencies within the sequential data, such as
clothing attributes, while improving the model’s feature representation and overall
generalization. For the image data, the 2DCNN component extracts essential spatial
features by applying multiple convolutional and pooling layers. This architecture is crucial
for capturing fine-grained visual patterns in clothing items, ensuring the model can
distinguish subtle differences in visual structures. The image input is processed into feature
maps that gradually reduce in spatial resolution but increase in feature depth, resulting in a
rich hierarchy of visual information. Figure 3.14 shows the architecture of the proposed

TCN-2DCNN model for personalized clothing prediction.

The model fuses the features extracted from both the sequential and image data
streams and generates predictions through fully connected layers with Softmax activation.
The training process includes regular validation, with the best model saved for final testing.
Performance is evaluated using confusion matrices and classification reports to ensure

accuracy.By combining temporal and spatial feature extraction, the TCN-2DCNN model
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offers a robust solution for personalized clothing prediction, effectively utilizing both text

and image data to improve prediction accuracy while maintaining computational efficiency.
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3.8.4 Proposal IDCNN-2DCNN Model

First, the data from the training and test sets are pre-processed and labeled. The
IDCNN-2DCNN model consists of two inputs: image data and textual time series data.
Image data undergoes processing through convolutional layers and fully connected layers,
while temporal data is processed through one-dimensional convolutional layers and fully
connected layers. The features extracted from these two data streams are merged, and
predictions are generated through fully connected layers and SoftMax activation functions.

Finally, confusion matrices and classification reports evaluate the model’s performance.

The algorithm is based on the IDCNN-2DCNN model, as shown in Figure 3.15.
Two input methods are used: image data and time series data. 2DCNN is used as input 1 to

process time series data, and IDCNN is used as input 2 to process image data.
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3.9 Model Optimization

Model optimization of the multi-modal fusion personalized clothing prediction

algorithm should comprehensively consider the following aspects:

First, massive amounts of structured and unstructured data need to be effectively
processed and analysed, including the use of technologies such as image recognition,
annotation, and fusion of tag data. This step is the basis for the algorithm optimization of
the thesis and can provide personalized clothing design. When one-dimensional
convolution is combined with two-dimensional convolution, the case of processing input
images with multiple channels is considered. Assume that the input image is X, and its size
is X x _where H represents the height of the image, W represents the width of the
image, and C represents the number of channels of the input image. The convolution kernel
is W, and its size is X X | where M represents the height of the convolution kernel,
N means the width of the convolution kernel, and C represents the number of channels in
the input image. Then, the calculation formula for the combination of one-dimensional and
two-dimensional convolution is as follows, ( % )[, | representing the pixel value of
the output image =123, , — +1 =12 , — +1

(Wxw)|i,j]= ZMMZIZLZSZIX[i+u—1,j+v—1,c] W [u,v,c] ‘
Equation 3.9

Secondly, on the basis of feature extraction from clothing pictures, the relevant
information of structured data text and unstructured data images is integrated through
feature space to more accurately capture the user's personalized needs and preferences. In
order to improve the convergence speed and generalization ability of the model, this thesis

uses the gradient descent method, Adam optimization algorithm and learning rate
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scheduling to optimize the proposed model. Among them, the gradient descent method
minimizes the loss function by updating parameters along the opposite direction of the
gradient, while the Adam algorithm combines the first-order and second-order moment
estimates of the gradient to achieve adaptive learning rate adjustment. Among them,
learning rate scheduling is a method of dynamically adjusting the learning rate to balance

the convergence speed and model performance during the training process.

Finally, regularization is used in the study to reduce overfitting of the model.
Reduce the complexity of the model by adding a regularization term to the loss function to
limit the size of the model parameters. At the same time, batch normalization technology is
used to accelerate model training and improve the generalization ability of the model. This
method performs a normalization operation on the input of each hidden layer, so that the
input of each layer has a similar distribution, making it easier to train and optimize the

model.

3.10 Chapter Summary

This chapter presented a comprehensive overview of the methodology employed in
this thesis. It began by detailing the dataset, which forms the basis of the research, with a
focus on both image and text data, along with their respective structures and processing
techniques. The study materials, including the hardware and software tools used
throughout the research, were also described. Following this, the proposed methodological
framework was outlined, leading into a thorough discussion on the model analysis and

construction processes.

A key contribution of this chapter is the introduction of a personalized clothing

prediction algorithm based on multi-modal feature fusion, where its design principles and
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implementation were explained in detail. In addition, the chapter addressed the
optimization of evaluation metrics for multi-classification tasks, including multi-
classification techniques, confusion matrix analysis, speed indicators, and the application
of cross-validation. Moreover, four models—TCN-ResNet, 1DCNN-ResNet, TCN-
2DCNN, and 1DCNN-2DCNN—were proposed and discussed in terms of their structures
and roles in enhancing prediction accuracy. Model optimization strategies were also

explored to improve both the performance and efficiency of these models.

In conclusion, this chapter emphasized the significance of the proposed algorithms
and models in advancing the field. Future research directions and challenges were
highlighted, particularly regarding further performance improvements and potential
broader applications of the models. This lays a solid foundation for the subsequent chapters

and future advancements in this domain.
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CHAPTER 4

RESULTS AND DISCUSSION

4.1 Overview

This research comprehensively evaluates and compares the four proposed models
(TCN-ResNet, IDCNN-ResNet, TCN-2DCNN, and IDCNN-2DCNN). Sections 4.2 to 4.4,
experiments are conducted on the proposed model, and comparative analysis is performed
to obtain the experimental results. Section 4.5, a cross-validation step is added to verify the
generalization ability and robustness of the proposed model. Section 4.6, the entire
experiment is comprehensively summarized. The results show that the 1IDCNN-ResNet

and IDCNN-2DCNN models show the best performance.

4.2  Comparison between TCN-ResNet model and 1IDCNN-ResNet model

According to the experimental results in Table 4.1, the TCN-ResNet model and
IDCNN-ResNet model are compared and analyzed. The table shows traversal training
for six different styles of clothing, where 0 indicates AIl17, 1 indicates AIl8, 2 indicates
AIl9, 3 indicates PE17, 4 indicates PE18, and 5 indicates PE19. In this thesis, the test set
for all seasons contained two styles, the "2" and "5" categories, representing AI19 and

PE19, respectively.

The model was trained on six unstructured data folders and customer purchase
history text. The reason for training on six types of data but only testing on two is to
ensure that the model captures a broad range of fashion trends (AI17, AI18, AI19, PE17,
PE18, PE19) over time. However, the test set focuses on the two most recent and relevant

styles, AI19 and PE19, which are the most representative of current fashion trends. This
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approach ensures the model can provide accurate and up-to-date predictions that align with

consumer preferences in today's market.

Examples of unstructured data folders include images of clothing items from
different seasons, such as AI19 or PE19, which serve as the input for the model.
Customer purchase history text includes both structured and unstructured data, such as
purchase dates, product descriptions, customer preferences (such as color, fabric), and
transaction history.  This data helps the model learn patterns in consumer behavior and

preferences.

After the training model was obtained, the personalized prediction structure was
generated using images and customer records from the store's AI19 and PEI9 test set
folders. It was observed that the IDCNN-ResNet model performed significantly better
than the TCN-ResNet model in terms of prediction accuracy, indicating that the 1DCNN-
ResNet model is more effective for the clothing classification prediction task.
Specifically, the prediction accuracy, precision, recall, etc., all showed a high performance,
reaching 100%. However, despite its higher accuracy, the IDCNN-ResNet model was
slower than the TCN-ResNet model, with a processing time of 4.952 seconds for the given

dataset.
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Table 4.1:

Comparison between TCN-ResNet model and IDCNN-ResNet model

Model | Clothing | Precision | Recall Model Support | Macro | Weighted | Confusion Model | Prediction | Speed
Style (F1 score) avg avg matrix Accuracy data
TCN- 2 1.0000 | 0.8901 0.8901 247 0.9010 | 0.8780 0.8756 0.8773 497 4.952s
ResNet
5 1.0000 | 0.7560 0.8610 250 0.9016 | 0.8773 0.8755
IDCNN- 2 1 1 1 247 1 1 1 1 497 11.6s
ResNet
5 1 1 1 250 1 1 1
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4.3 Comparison between TCN-ResNet model and TCN-2DCNN model

In this thesis, the model was trained using unstructured data from six folders and
text from customer shopping records. The six types of data (AIl7, AIl18, AIl19, PE17,
PE18, and PE19) were used to ensure that the model could learn from diverse data patterns
across different years and seasons. This variety enabled the model to generalize more
effectively by exposing it to various styles and trends.  After training, the study focused
on styles related to the latest fashion—AIl9 and PE19—to assess the model's ability to
predict current fashion trends. By selecting these specific styles, we ensured that the
model's performance was evaluated based on current market conditions, making the
predictions more applicable and accurate for real-world use. The test set contained these

two styles, AI19 and PE19, represented by the "2" and "5" categories, respectively.

According to the results in Table 4.2, the TCN-ResNet model and TCN-2DCNN
model were comprehensively evaluated. It was observed that the accuracy of the TCN-
ResNet model (87.73%) was significantly higher than that of the TCN-2DCNN model
(59.15%). However, as shown in Table 4.1, the evaluation metrics of the TCN-ResNet
model were lower than those of the 1DCNN-ResNet model, indicating that 1DCNN-

ResNet still outperforms it in certain aspects.
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Table 4.2:  Comparison between TCN-ResNet model and TCN-2DCNN model
Model | Clothing | Precision | Recall Model Support | Macro | Weighted | Confusion | Model | Prediction | Speed
Style (F1 score) avg avg matrix | Accuracy data
TCN- 2 1.0000 | 0.8901 0.8901 247 0.9010 0.8780 0.8756 0.8773 497 4.952s
ResNet
5 1.0000 | 0.7560 0.8610 250 0.9016 0.8773 0.8755
TCN- 2 0.5491 | 0.9960 0.7079 247 247 0.7643 0.5940 0.5915 497 5.03s
2DCNN
5 0.9796 | 0.1920 0.3211 250 250 0.7656 0.5915
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4.4 Comparison between TCN-ResNet model and 1IDCNN-2DCNN model

During the experiment, the 1DCNN-2DCNN model demonstrated excellent
performance in both training and validation.  As shown in Figures 4.1 and 4.2, the
training loss and validation loss (orange and blue curves, respectively) steadily decrease
throughout the training process, with only a minimal gap between them. This indicates
that the model performs similarly on both the training and validation sets, with no
significant signs of overfitting. =~ Additionally, the training accuracy and validation
accuracy remained highly stable, further confirming the strong generalization ability of the

IDCNN-2DCNN model.

In contrast, Figures 4.3 and 4.4 reveal that although the IDCNN-ResNet model
performs well in terms of loss and accuracy on the training set (orange curve), its
performance on the validation set (blue curve) exhibits considerable fluctuations.
Particularly during the mid-to-late stages of training, the validation loss increases
significantly, and validation accuracy declines, suggesting potential overfitting issues with

the model.

Thus, the IDCNN-2DCNN model not only surpasses the IDCNN-ResNet model in
training speed, but also demonstrates superior generalization ability, and greater stability in
both loss and accuracy. As presented in Table 4.3, the experimental results indicate that
the IDCNN-2DCNN model achieved a prediction accuracy of 97.99% and an F1 score of
98.01% in the clothing sales forecasting task, significantly outperforming the TCN-ResNet
model. Additionally, compared to the IDCNN-ResNet model, the IDCNN-2DCNN model

offers clear advantages in both running speed and generalization ability.
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Table 4.3:  Comparison between TCN-ResNet model and IDCNN-2DCNN model
Model | Clothing | Precision | Recall Model Support | Macro | Weighted | Confusion | Model | Prediction | Speed
Style (F1 score) avg avg matrix | Accuracy data
TCN- 2 1.0000 | 0.8901 0.8901 247 0.9010 0.8780 0.8756 0.8773 497 4.952s
ResNet
5 1.0000 | 0.7560 0.8610 250 0.9016 0.8773 0.8755
IDCNN- 2 0.9647 | 0.9960 0.9801 247 0.9803 0.9800 0.9801 0.9799 497 4.90s
2DCNN
5 0.9959 | 0.9640 0.9797 250 0.9804 0.9799 0.9797
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4.5 Cross Validation

In this thesis, duplicate 10-fold cross-validation was used, with each fold containing
ten subsets and repeated twice. The model is trained and validated on current fold data.
The training results for each fold are then saved, and a fold result chart is printed, as shown
in Figure 4.5. This approach allows for a more robust assessment of the model's
performance by mitigating the effects of random variability and providing a more reliable
estimate of its generalization ability. The randomness of data segmentation, the
randomness of model initialization, and the imbalance of data samples should all be taken
into account when improving model performance. These factors help to train the model
with different initial parameters in each repetition, resulting in different feature

representations and reducing the risk of overfitting.
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As shown in the results in Table 4.4, the IDCNN-2DCNN model performs well on
both the training set and the test set, and there is no underfitting. Therefore, the cross-
validation method was used to divide the data set several times and repeated validation was
adopted to evaluate the generalization performance of the model more accurately. During
cross-validation, the model parameters were adjusted and the network structure optimized,
increasing the accuracy from 97.99% to 98.59%, a 0.60% improvement. The prediction

results are shown in Figure 4.6.
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IDCNN-
2DCNN

0.9724

Table 4.4:

0.9860

Changes after adding cross-validation

247

0.9862

0.9863

0.8755

0.9859

497

0.9720

0.9858

250

0.9860

0.9859

0.9797

0.9859

497
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4.6  Chapter Summary

This chapter presented the overall results of the study, focusing on the development
of four hybrid models—TCN-ResNet, IDCNN-ResNet, TCN-2DCNN, and 1DCNN-
2DCNN—for personalized clothing prediction. The models leverage multi-modal feature
fusion by integrating structured and unstructured data, combining temporal and spatial
feature extraction techniques. Compared to mainstream models such as TCN and ResNet,
the proposed hybrid models demonstrate lower computational complexity and simpler

architectures, making them efficient for fashion prediction tasks.

TCN was applied to textual data, capturing temporal dependencies in fashion-
related attributes, while ResNet served as the backbone for deep spatial feature extraction
from clothing images. The IDCNN model efficiently processed text data, focusing on local
patterns, and the 2DCNN model was employed for extracting critical visual features from

images. Each of these components contributed to the comprehensive multi-modal approach.

The hybrid models outperformed traditional methods by balancing accuracy with
computational efficiency. Repeated K-fold cross-validation further enhanced the reliability
of the evaluation. Future research can build upon these models to explore more efficient
and accurate deep learning architectures for fashion prediction, providing valuable insights

and guidance for ongoing developments in this field.
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CHAPTER 5

CONCLUSION AND RECOMMENDATIONS

5.1 Conclusion

This thesis adopts a multi-modal fusion method to integrate different data sources
(image features and user behavior data), enhancing clothing classification prediction
accuracy and reliability. The innovation lies in clothing classification prediction for
individual users, considering their needs and preferences, which is closer to users' actual
requirements than traditional unified models. This thesis draws several vital conclusions
based on the experimental and model comparative analyses. First, after evaluating the
performance of four different models, it was found that the IDCNN-ResNet and the
IDCNN-2DCNN model showed excellent accuracy, precision, recall, and F1 score.
Secondly, while the 1DCNN-ResNet model showed slightly slower speed than the
IDCNN-2DCNN model, its superior accuracy renders it a viable alternative worth
considering. The experimental findings indicate the absence of significant overfitting
during the model training process, with minimal disparity between verification and training
losses, underscoring the model's robust generalization capability. Although methods such
as confusion matrices have achieved good results for model evaluation, this thesis
introduces cross-validation to further prove the model's accuracy. This evaluation
technique enhances the accuracy of the IDCNN-2DCNN model to 98.59%, demonstrating
the model's reliability and practicality. For personalized clothing prediction with multi-
modal fusion, future research directions may explore how to adapt large-scale models to
vertical fields better to improve further the effectiveness and practicality of the model in

personalized clothing prediction.
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5.2 Recommendations

This thesis demonstrates that the proposed 1DCNN-2DCNN multi-modal fusion
model can achieve personalized clothing prediction with high accuracy, and the
verification results also indicate strong performance. Based on experimental and model

analysis, future research can be directed towards the following aspects:

First, future research can deeply explore the performance of different models to
better understand the advantages and disadvantages of various approaches in clothing
classification prediction, thereby enhancing the accuracy and reliability of predictions.
Second, it is important to continue exploring cross-validation techniques; the introduction
of repeated cross-validation has proven beneficial in assessing model accuracy. Future
research could compare different cross-validation methods to evaluate model performance

across various datasets, ensuring consistent and reliable results in diverse scenarios.

Additionally, the proposed IDCNN-2DCNN model is currently limited to a specific
dataset and does not incorporate dataset expansion or transfer learning techniques, which
limits its flexibility in adapting to new or broader datasets. This restricts the model's
generalizability and applicability to other contexts or larger-scale applications. To
address these limitations, future research should consider incorporating transfer learning to
enhance the model's ability to generalize across diverse datasets and contexts. Expanding
the training to include broader datasets and employing data augmentation techniques could
further improve the model’s adaptability and performance across various applications, thus

overcoming the current constraint of being confined to a specific dataset.

Finally, extending the model to vertical domains is crucial. = As personalized

clothing prediction with multi-modal fusion gains increasing attention, adapting large-scale
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models to specific vertical fields becomes essential. ~ Therefore, future research should
explore new methods to enhance the effectiveness and practicality of personalized clothing

prediction models within specific vertical domains.
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