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Deep Learning-based Recommendation System for
Personalized Product Recommendations

Sagar Malik

Abstract

Personalized product recommendations have become important in today’s highly
driven online market, as they significantly contribute to improving user experience
and maintaining customer fulfillment. This research presents an innovative meth-
odology to developing a customized recommendation system specifically designed
for the fashion industry. This methodology integrates deep learning methodologies
with traditional machine learning methods. The primary objective of this research
was to investigate the effective application of pre-trained deep learning models, spe-
cifically ResNet50, for extracting features from fashion datasets. The objective is
to generate comprehensive and relevant product descriptions. The approach aims
to use pre-trained models such as ResNet50 to extract significant patterns from im-
ages, and takes consideration variables such as consumer gender, past product his-
tory, and other various attributes in the procedure for customization. This ensures
that the recommended products match to individual preferences. In order to im-
prove the quality of recommendations, one can apply approaches such as K-Nearest
Neighbors (KNN) using different distance measures and a variety of machine learn-
ing models to discover similar products. The preliminary evaluation demonstrates
the accessibility and accuracy of the proposed system, demonstrating its ability
to generate personalized fashion recommendations for specific users. This research
can significantly enhance personalized recommendation systems, benefiting both
e-commerce platforms and consumers.

Keywords: Deep Learning, personalized recommendation, Machine
learning, ResNet50, KNN.

1 Introduction

Today’s online commerce market is characterized by an extensive number of choices, and
personalized recommendation systems become an essential component for improving user
experience and fulfillment. With the rapid growth and impact of e-commerce platforms,
the requirement for effective recommendation systems becomes more and more import-
ant (Chiu et al.; 2021). This is particularly crucial in highly competitive sectors such as
the fashion business, where individual preferences and trends continuously evolve. This
research aims to develop a personalized recommendation system that has been customized
to the unique characteristics of the fashion industry. The recommended approach com-
bines deep learning techniques with conventional machine learning algorithms, focusing
on the ResNet50 architecture to extract relevant features from fashion datasets (Bhanuse
and Mal; 2021).



1.1 The Widespread Demand for Personalized Recommenda-
tions

Throughout the extensive field of e-commerce, the vast variety of choices can overwhelm
customers, potentially resulting in decision tiredness and unsatisfactory buying experi-
ences. Personalized recommendation systems serve as navigational aids in a large land-
scape, providing specific recommendations that fit with users’ interests, so leading them
through an enormous array of choices. In recent days, where achieving success is nothing
but maintaining the customers satisfaction, and this have become critical among online
platforms for not only sales purpose but also to keep long-term loyalty among custom-
ers (Da’u et al.; 2020; Wei et al.; 2017).

Based on the dynamic trends and each customers preference, the fashion industry is
facing particular challenges for recommendations. commodities usually possess signi-
ficant constant characteristics, fashion goods became subjective inclusive with human
preferences it became s foundation for clothing sections. The main aim of this research
is to develop a software that works beyond conventional techniques, by travel over the
complexities of purchasing new fashion items. The goal is to introduce an individual
approach that evaluates and adjusts to the continuous urge of evolving individual fashion
preferences in real time.

1.2 The Integrative Approach: Traditional Algorithms with
Deep Learning

At the core of this problem statement presents a commitment for innovation through the
collective collaboration of traditional machine learning methodologies and deep learning
methodologies. Where as deep learning models have shown the unexceptional capabilities
in tasks such as image classification, so the integration with the recommended systems
requires more skill. The solution proposed will be pre-trained models, with the help of
ResNet architecture which is known for its efficiency in image feature extraction (Nair
et al.; 2021).

ResNet (Xiao et al.; 2022) has emerged from ResNet to cornerstone ResNet in the
deep learning area, most likely for involving tasks such as image analysis. The ResNet
architecture removes the the connections addressing challenges related with training deep
learning networks, making it as an ideal for intricate patterns in case of fashion images.
With the help of ResNet architecture, the aim of research is to increase the accuracy
for recommending the fashion updates from the fashion data base which are currently in
trend and thereby increase the precision of personalized suggestions.

1.3 Challenges

Developing a customized recommendation system for the fashion industry is not only a
technological goal; it involves a careful interaction of data, algorithms, and the always
evolving preferences of the consumers. The challenge arrives in effectively utilizing deep
learning to extract features, while simultaneously smoothly integrating traditional ma-
chine learning approaches to develop a comprehensive and extensible recommendation
system. This study immediately addresses this difficulty, acknowledging that the future



of e- commerce relies on its ability to provide customers not only products, but also per-
sonalized interactions that suit to their individual interests and preferences.

In the subsequent sections, we will delve into the background of deep learning and re-
commendation systems, elucidate the specific objectives guiding this research, survey rel-
evant literature to contextualize our approach, and outline the meticulous methodology
employed to navigate the intricacies of personalized fashion recommendations. Through
rigorous experimental evaluation and analysis, this research endeavors to contribute valu-
able insights and advancements to the realm of personalized recommendation systems,
with a focus on reshaping the landscape of online fashion commerce.

2 Literature Review

The current collection of literature on recommendation systems includes a diverse range of
methodologies, incorporating traditional and innovative approaches that aim to tackle the
inherent difficulties associated with providing specific recommendations. This section fo-
cuses on the appropriate research that have established the groundwork for incorporating
deep learning and traditional machine learning methods into recommendation systems.

2.1 Traditional Collaborative Filtering Techniques

Major role in the recommendation system was played by collaborative filtering not only
in recent days but also in the past, mostly in a research conducted by (Sahoo et al.;
2019). The most widely used approach is collaborative filtering and it uses two important
methods and they are: item based and user based. this generally defines the interaction
among the user and the item they are preferring. By examining the interactions among
the user and the item, collaborative algorithms will generate recommendations on the
basis of the similarity among the user and the items, the accuracy of this program has
be demonstrated, but they have few challenges in terms of sparsity and scalability, in
today’s world, the problem increased because of constantly evolving large datasets.

2.2 Transfer Learning in Recommendation Systems

These days transfer learning has improved and gained popular attention and approach
in various domains, (Da’u et al.; 2020) has done the extensive research on the concept
of transfer learning and also on its applications. the main concept of transfer learning
is to improve the performance of the task by gaining knowledge from the distinct , yet
interconnected tasks, when it comes to recommendation systems the transfer learning
has become the important task, and basically a commonly used approach is that it in-
volves the pre-trained models which has under gone the training through the extensive
dataset (Sharma et al.; 2021; Tuinhof et al.; 2019). With the help of fine tuning of the
particular domains. Thus transfer learning is just the technique that uses the knowledge
gained from one domain to another and it has shown interests in various fields. The main
aim of this transfer learning is to get to know the complexities of every individual based
on the preferences (Zhou; 2020; Wei et al.; 2017).



2.3 Integration of Deep Learning and Traditional Techniques

The inter-dependency of traditional machine learning methods and deep learning has
become the most important part in the recommendation systems, which are offering
the opportunities for the improvement. Where as deep learning models includes Long
Short-Term Memory (LSTM) (Nair et al.; 2021) and Conventional Neural Networks
(CNN) (Sivaramakrishnan et al.; 2021), These two networks have captured most intricate
patterns including representations of high dimensional data sets, most likely as sequential
datasets and images. the understanding and transparency of traditional models is always
better compared to machine learning models.

2.4 Addressing Challenges with Hybrid Models

In order to deal with the restrictions of individual methodologies, researchers have put
out hybrid models that combine the advantageous aspects of traditional methods and
deep learning (Sharma et al.; 2021) . The objective of this integration is to utilize the
feature extraction capabilities of deep learning models while also taking advantage of
the interpretability offered by traditional models. Transfer learning is an important
component of the integration process as it enables the utilization of pre-trained deep
learning models as feature extractors for subsequent machine learning models (Singhal
et al.; 2017).

2.5 Relevance of Deep Learning in Fashion Recommendation
Systems

The visual component has become the most important, when it comes to fashion industry
with the help of recommendation systems. (Sivaramakrishnan et al.; 2021) significant
work regarding image recognition, they have proposed a novel frame work i.e, Deep
Convolutional Networks (VGGNet) (Naumov et al.; 2019) with large scale of image re-
cognition tasks. With the help of empirical studies, the researches demonstrated that
the effectiveness and performance of VGGNet is comparatively better than the exist-
ing models. Using multiple convolution layers of deep learning, great results have been
achieved by VGGNet in different datasets, making it more of a state of the art model in
the field of computer vision. Based on the results of Simonyan and Zisserman’s research
has majorly advanced in the image recognition field and given chance for multiple devel-
opments in deep learning based approaches. The success gained from the deep learning
and traditional machine learning algorithms for effectively identifying complex patterns
with in the images has created a way for the most utilization of recommendation system
in fashion industry (Ong et al.; 2019).

2.6 Challenges in Personalized Fashion Recommendations

The fashion industry represents various challenges in recommendation systems for per-
sonalisation. In difference with traditional products, fashion items are characterized by
their individual subjective nature, as an individual the preferences are manipulated by
the constantly evolving trends. The vigorous nature of user preferences has become a sig-
nificant challenge, as underlined by various researchers (Singhal et al.; 2017; Da’u et al;
2020). It has not only became a matter of predicting individuals preferences, but also
understanding the ever-changing nature of these preferences.



2.7 Towards a Comprehensive Understanding of User Prefer-
ences

The research on the personalized recommendations had shown that an unified approach
is crucial for the effective results. This approach is beyond just considering visual features
and also takes into account of various contextual factors. By including these factors, such
as user demographics, preferences and past behavior, the individual recommendation sys-
tem will provide more accurate and relevant recommendations for personalization (Anil
et al.; 2018). The problem with this approach is that even after representing the full
complexity of visual features to the individual, it might not satisfy the users interests. so
by including more extensive understanding of the user, it will lead to the improved re-
commendations. Gender is the most important factor that influences individuals fashion
interests (Loukili et al.; 2023; Fu et al.; 2018). The deep analysis of previous purchased
history and offers valuable insights into individual preferences that can be utilized as a
significant input for recommendation systems. The integration of personalization factors
is a core objective for researchers who constantly tries to develop recommendation sys-
tems that goes beyond normal recommendations and provide users a personalized, con-
textually appropriate recommendations. This literature review provides an overview of
the development of recommendation systems, starting with conventional collaborative
filtering methods and advancing towards the incorporation of deep learning and tradi-
tional machine learning models. This re- search delves into the challenges presented
by personalized fashion recommendations, with a particular focus on the importance of
understanding user preferences in dynamic domains such as fashion. The significance
of pre-trained models, specifically ResNet50, in tackling these challenges is emphasized,
establishing the foundation for the following sections that explore the methodology and
experimental evaluation of the suggested deep learning-driven recommendation system
for personalized fashion recommendations.

3 Deep Learning-based Personalized Product Recom-
mendations

3.1 Introduction

The research investigation focuses on the development of a recommendation system for
personalized product recommendations in the fashion industry, utilizing deep learning
techniques. The main objective is to optimize the user experience by offering personalized
recommendations based on their preferences and visual inputs. The dataset utilized in
this study is the ”"Fashion Product Images Dataset” which can be accessed on the Kaggle
platform.

3.2 Data Exploration and Preprocessing

The dataset consists of three primary components: the ”styles” CSV file, the ”“image”
CSV file, and the accompanying images. The file labeled ”styles” includes an extensive
collection of data related to various fashion products, including features such as gender,
master category, sub-category, article kind, color, season, and usage.



Fashion product image datasets include an extensive variety of images representing vari-
ous fashion items, including clothing, shoes, and accessories. The attributes of such
datasets may encompass:

* Image Data:he collection is expected to consist of a large quantity of images that
depict various fashion products. The resolution, color, and style of images may
demonstrate variation.

e Labels and Annotations: Fashion dataset include labels or annotations that
provide details regarding the category or type of each item, such as dress, shirt, or
shoes. Where annotations include characteristics such as color, pattern, or material.

3.2.1 Data Cleaning and Encoding

The first phase of the research process involves carrying out an extensive review of the
dataset in order to identify and rectify any anomalies or instances of missing data. The
dataset produced displays missing values in the “"season” and “usage” columns represents
in Figure 1. In order to maintain the integrity of the dataset without incurring significant
loss, a realistic approach is utilized to remove instances that include missing values, as
their impact on the dataset has been determined to be minimal.

# check the missing values in the dataset
style_data.isna().sum()

Python
id
gender
masterCategory
subCategory
articleType
baseColour

Missing Instances

"4

season
year

usage 5
productDisplayName
dtype: 1intod

= A O NI © 00 OO0

Figure 1: Checking the Missing Instances in Style Data

In an effort improve the process of developing neural network learning models, cat-
egorical attributes, such as “gender,” are encoded using label encoding techniques which
is demonstrated in Figure 2.The process of converting textual categories into numer-
ical representations allows for the utilization of mathematical operations during model
training.

# Encode customer gender and other categorical attributes
label_encoder = LabelEncoder()
style_data[ 'gender_encoded'] = label_encoder.fit_transform(style_data[ 'gender'])

Figure 2: Encode the Gender Attribute



3.3 Exploratory Data Analysis (EDA)
3.3.1 Distribution of Product Types

A basic understanding of the dataset is necessary for the effective development of models.
Visualization methods, such as bar charts, are utilized to represent the distribution of
different sorts of products. This analysis offers valuable insights regarding the prevalence
of various fashion sections, so establishing a foundation for later modeling approaches
where this visualization representation is depicts in Figure 3.

3.3.2 Top 10 Product Types

Expanding on the last distribution study, this one focuses in on the top 10 product
categories for a more in-depth analysis. The use of a pie chart is an instance for quickly
conveying the distribution of different product types within a given subset. The data’s
representation in the form of a pie chart makes its breakdown easy to understand in
Figure 4.

Distribution of All Product Types

Article Type

Count

Figure 3: Distribution of All Types of Products



Distribution of Top 10 Product Types

Flip Flops
Heels

Tops Tshirts

Kurtas

Handbags

Shirts

Sports Shoes

Casual Shoes

Watches

Figure 4: Top 10 Types of Products

3.4 Model Architecture
3.4.1 ResNet-50

The ResNet-50, also known as the Residual Network with 50 layers, is an architecture
of deep convolutional neural network that revolutionized the field by introducing the
concept of residual learning. The fundamental concept underlying ResNet involves the
utilization of residual blocks, which allows the network to gain understanding of residual
functions instead of directly acquiring knowledge of the desired underlying mapping. This
technique successfully reduces the issue of the vanishing gradient problem and enables
the successful training of highly complex neural networks with a significant number of
layers.

ResNet-50 possesses the capability to be employed in a diverse range of applications,
encompassing but not limited to image classification, object identification, and image
segmentation. Inclusively, it also possesses the capabilities to a function as a feature ex-
tractor, so by enabling the extraction of characteristics from images had may subsequently
be utilized by other machine learning methods.
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ResNet50 Model Architecture
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Figure 5: ResNet50 Model Architecture (Guan et al.; 2019)

Let’s consider X as the input to a residual block and F (X) as the desired mapping

that the block was supposed to learn. The output of the residual block is considered as
H(X), and it is denoted as:

H(X) = F(X) + X

In the context of ResNet-50, a residual block consists of a series of convolutional
layers. The architecture of ResNet-50 can be divided into several stages, and each stage
contains multiple residual blocks. The overall architecture can be represented as follows:

* Input:
X©

e Stage 1: Convolution and Pooling:
X1 = Conv_1(X1?)
X2 = MaxPool 1(x1)
* Stage 2 - Stage 5: Residual Blocks:

X+ = ResidualBlock® (X))

Each residual block can be represented as:
X = Conv._2(X)

X" = Conv_3(X)
H(X)=X"+X

* Global Average Pooling:

X®) = GlobalAvgPool(X®))



* Fully Connected Layer:

X7 = FullyConnected(X'®)

The architecture typically ends with a softmax activation function for classification
tasks.

Here, Conv 1, Conv 2, and Conv 3 indicates the convolutional layers with different con-
figurations, and MaxPool 1 is a max pooling layer. The i-th residual block is defined as
ResidualBlock®.

These are following examples that illustrate the potential applications of ResNet-50:

* Object detection: The utilization of ResNet-50 enables the detection and local-
ization of the objects from images. This technology has the potential to be more
advantageous in various software applications, including but it is not limited to
autonomous vehicles and security systems.

* Image classification: The ResNet-50 model will be appointed for the purpose of
categorizing images into different classes, which includes cats, dogs, and cars. This
research work has practical applications in different domains, including the photo
collection organizations and the identification of things seen in photos.

* Feature Extraction: The main aim of feature extraction is the process of selecting
and transforming applicable information from raw data in order to create a more
compact and meaningful representation. ResNet-50 is a convolutional neural net-
work (CNN) architecture that is featured of extracting visual features, which may
subsequently be used by various machine learning algorithms. One most potential
use of ResNet- 50 features is the utilization in training a machine learning model
for sentiment prediction of tweets or the genre classification of music.

The main importance of ResNet-50 is that this allows the training of deep networks
by imitating the degradation problem (where the accuracy saturates first and then de-
grades with the increasing depth of the network) based on the use of residual connections.

The ResNet-50 model is known for its adaptability and robustness in the field of ma-
chine learning, making it more suitable for a wide range of tasks and applications. This
pre-trained model is readily accessible, by eliminating the need of training it from the
ground up. This approach offers believes in a quick and effective means of initiating
engagement with machine learning.

3.4.2 Implementation of ResNet-50

The research uses the ResNet-50 architecture for the main purpose as feature extraction
from the fashion product photos. The usage of this deep convolutional neural network
(CNN) in tasks relating to image processing have been displayed, and pre-traing is done
based on the ImageNet dataset. The implementation consists of many procedural steps.
Initially, the ResNet-50 model is loaded. then the model layers can be made as non-
trainable. At last, for feature aggregation, global max- pooling layer has been included.
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# Implement the ResNet-5@ Pretrained Model

resnet_model = ResNet5@(include_top=False, weights="imagenet', input_shape=(img_width, img_height, chnls))
resnet_model.trainable=False
resnet_model = keras.Sequential([resnet_model, GlobalMaxPooling2D()])

resnet_model.summary()

Layer (type) Output Shape Param #

esnet5@ (Functional) (None, 4, 4, 2048) 23587712

global_max_pooling2d (Glob (None, 2048) 2}
alMaxPooling2D)

Total params: 235
Trainable params: @ (.00

Non-trainable params: 23587712 (89.98 MB)

Figure 6: Pretrained ResNet50 Model Implementation

3.4.3 ResNet-50 Model Summary

This ResNet-50 model is a deep convolutional neural network (CNN) architecture which
has been majorly used in computer vision tasks. It does mainly consists of 50 layers,
inclusive of fully connected layers, convolutional layers and pooling layers. The model
starts with a convolutional layer and then it takes an input image and applies a few set
of filters to extract some low-level under lying features. This process is called as batch
normalization layer, which just normalizes the output of the previous layer to improve
the training efficacy. Then, a rectified linear unit (ReLU) activation function is used
to introduce non-linearity. This model also duplicates The decision for maintaining the
model’s parameters as non-trainable which here is a crucial aspect. the choice is to
keep the order for retaining the important features that were learned during the model’s
pretraining with the ImageNet dataset. By keeping the parameters fixed, this model will
support the knowledge which it has gained from the strong training on ImageNet, which
can improve the performance and generalization capabilities.

3.5 Model Training
3.5.1 Embedding Extraction

The immediate next step of the research involves the usage of the ResNet-50 model
for the main purpose of getting features from the images based on fashion products.
During this research, the function have been established to make it easier the loading and
preprocessing of the images. The main aim of this function is to streamline the process
for preparing images on upcoming analysis. When the images have been loaded and then
preprocessed, then the upcoming step involves extracting features from those images. To
complete this, a pretrained ResNet-50 model is used. This model have been previously
trained on the larger dataset and it is fully capable of getting high-level features from
the given images. By supporting the pretrained ResNet-50 model, this research goal is to
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enhance the accuracy and efficiency of the feature extraction in the image interpretation
tasks. The features gained from the image embeddings are arranged in the dataframe,
which acts as the structured representation of the resulting data.

# Take image name(id) and return the complete path of it """
def img_path(img):
return path + 'images/' + img

# Load and preprocess image then make prediction
def predict(model, img_name):

img = image.load_img(img_path(img_name), target_size=(img_width, img_height))
img = image.img_to_array(img)
img = np.expand_dims(img, axis=8)

img = preprocess_input(img)
return model.predict(img)

/ Python
# Return a dataframe contains images features
def get_embeddings(df, el):
df_copy = df
df_embeddings = df_copy['image'].apply(lambda x: predict(resnet_model, x).reshape(-1))
df_embeddings = df_embeddings.apply(pd.Series)
return df_embeddings

Figure 7. Generate Embedding

3.5.2 K-Nearest Neighbors (KNN) Model

The K-Nearest Neighbors algorithm (KNN) is one of the straightforward and simple
machine learning algorithms, which have been used for the goal of both classification and
regression techniques. This predicts for a new data point in the K-Nearest Neighbors
algorithm (KNN) which is defined by considering the majority classes in the case of
classification or the average value in the case of regression, between its k nearest neighbors
among the feature space. The K-nearest neighbors (KNN) algorithm can be reconstructed
as follows:

* Euclidean Distance: The Euclidean distance is most common distance metric
used in K-nearest neighbors (KNN) for the between two points P = (p1, p2, . .., pn)
and Q= (g1, g2, ..., gn) in an n-dimensional space:

=
d(p,Q) =" (pi —q)?

i=1

* KNN Algorithm For Classification: Given a dataset with features X and
corresponding labels Y, and a new data point Xnew for which we want to make a
prediction:

— Calculate distances: Compute the Euclidean distance between Xnew and all
data points in the training set.

12



— Find k-nearest neighbors: Identify the k data points with the smallest dis-
tances.

— Majority voting: For classification, assign the class label that is most frequent
among the k neighbors to Xnew.

Sk
);new = argmax I(Yi=y)
i=1
where | is the indicator function, Y; is the class label of the ith neighbor, and
y iterates over all unique class labels.

* KNN Algorithm For regression:

Instead of majority voting, for regression, the prediction is the average of the target
values of the k-nearest neighbors:

where Y; is the target value of the ith neighbor.

* Choosing the Value of K: The choice of k is a crucial parameter in KNN. A
smaller k makes the model more sensitive to noise, while a larger kK may smooth
over patterns. Itis often chosen through cross-validation.

e Considerations:

— Scaling: Features should often be scaled to ensure that no single feature dom-
inates the distance calculations.

— Computational Cost: As the dataset grows, the computational cost of finding
neighbors increases.

The implementation of a K-Nearest Neighbors (KNN) model is utilized to enhance
the process of comparing similarities between products. The model utilized in this study
has been trained using ResNet-50 features that were extracted from a dataset consisting
of fashion product images. The selection of cosine distance as the metric is based on the
objective of capturing semantic similarity within the domain of features.

4 Design Structure

Here, we explore the fundamental aspect of the study: the model’s underlying structure.
ResNet-50, a strong deep convolutional neural network (CNN) that has been pre-trained
on the ImageNet dataset, has been chosen as the feature extraction framework. K-
Nearest Neighbors (KNN) is also used to help in similarity comparison, which improves

13



the recommendation system’s overall performance. In this study, we will explore the field
of architecture and the process how this get done through visual representation in Figure
8. Our goal is to improve our knowledge of architectural theory and practice, as well as
the visual representations that go along with them. The goal of this research is to enhance
the valueable insights and knowledges related to the recommendations of subjects.

e Visual Representation of Design Flow of Recommendation System

The architecture of ResNet-50 and Processess is illustrated in the following dia-
gram:

Tier 1: Presentation Tier |

\I"ternEt

Recommendation System

Tier 2: Business Logic Tier Feature Extraction Classification

[ || |

-50 Model
ResNet-50 Mode Classifier

Recommended
Input image l Classified Images
224x224 ‘
z| 1 ‘s Output ?
] — i \

Lol 338 — || | [3331— 3231 a3l 1., l| . :
i) EEg i1 i TN KNN -
1%y {23z 12y ¢ |€

SR
<

Figure 8: Design Flow process of Recommendation System

The proposed model combines the adaptability of the K-Nearest Neighbors (KNN)
method with the deep learning ability of ResNet-50 for effective feature extraction. The
visualizations provide a valuable insight into the complex architecture of ResNet-50 and
the abstract depiction of the feature set utilized by KNN. The study’s objective of provid-
ing personalized and appropriate product recommendations within the context of fashion
e-commerce is supported by the solid foundation created by the previously mentioned
components.
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5 Recommendation System Implementation

5.1 Recommender Function

In this study, we focus on how a recommendation system can be used in reality. A feature
has been implemented that makes product suggestions based on user-provided images
using image recognition technology. By using complex algorithms to explain the graphical
elements of the image and to find similar items in a dataset, this feature tries to improve
the user’s overall shopping experience. The function uses machine learning techniques
to get better over time at recommending products that match the visual characteristics
of the supplied image. The purpose of this study is to maximize the function usage
so that it can provide consumers with more precise and relevant personalized product
recommendations. Which is being discussed here is the important part of the process
of giving recommendations. It involves multiple number of processes, the first of which
is loading and preparing the user’s image. The image features are extracted using a
pre-trained ResNet-50 model by the function. Combining these characteristics with a
KNN model helps find items with comparable characteristics. This function coordinates
multiple processes, enabling the recommendation process simple and effective for end
users.

Embedding of the ResNet-50 Features attributes with K-Nearest
Neighbors to Evaluate the Model

To find the similar products, K-Nearest Neighbors (KNN) with several distance metrics techniques and various machine

learning models can be employed here to improve the quality of the recommendations.
r Predk:ﬂon
y.
.o

/
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# Function to recommend products based on an image
def recommend_products_by_image(user_image_path, num_recommendations=5):
[ # Load and preprocess the user-provided image
user_image = image.load_img(user_image_path, target_size=(img_width, img_height))
user_image = image.img_to_array(user_image)
user_image = np.expand_dims(user_image, axis=8)
user_image = preprocess_input(user_image)

# Use the pre-trained ResNet model to extract features from the user image
user_image features = resnet_model.predict(user_image)

# Use KNN to find similar products based on the user image features
_, indices = knn_model.kneighbors(user_image_features)

# Get the top N recommended products
recommended_products = style_data.iloc[indices[@]][:num_recommendations]['image"].values

return recommended_products

Python

Figure 9: Recommendation Function
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5.2 Recommendations

The recommendation system is tested on three example images to determine how well
it performs. The following illustrations show how the system can cater to consumers’
specific tastes by recommending products that meet their needs. The recommended
goods are presented with visual features that implement the abstract system result.

* In our first recommendation, we selected T-shirts as the product category to which
to apply our recommendation algorithm. In order to make a recommendation, it
is necessary to extract features from images of T-shirts. Figure 10 shows how the
recommendation system works by applying it to image of a T-shirt.

# image One path
user_image_path = 'fashion-dataset/images/1855.3pg’

# Get recommendations based on the image
num_recommendations = 5 # Number of recommendations to generate
recommended_products = recommend_products_by_image(user_image_path, num_recommendations)

# Display recommended products
fig, axes = plt.subplots(l, len(recommended_products), figsize=(16, 8))
fig.suptitle("Recommended Products”, fontsize=16)
for i, ax in enumerate(axes):
cloth_img = mpimg.imread(path + 'images/' + recommended_products[i])
ax.imshow(cloth_img)
ax.set_title(f"Product {i+1}", fontsize=12)
ax.axis('off')
plt.tight_layout()
plt.subplots_adjust(top=1.2)
t.show()

Python
1/1 [===================c==—-——-—--] - @5 159ms/step
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Figure 10: Product Recommendations - 1

The ResNet50 uses sophisticated methods to decipher the T-shirt’s visual charac-
teristics like color, pattern, and design. Based on this data, T-shirts that are a
good fit for the user’s tastes are suggested or recommended.

* Now again, we made our second recommendation to focus on women’s watches as
the target category. Figure 11 illustrates the effective functioning of the women’s
watch recommendation system, demonstrating the strength of our ResNet50 model
in this application.
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# image Two path
user_image_path = 'fashion-dataset/images/59263.jpg’

# Get recommendations based on the image
num_recommendations = 5 # Number of recommendations to generate
recommended_products = recommend_products_by image(user_image_path, num_recommendations)

# Display recommended products
fig, axes = plt.subplots(l, len(recommended_products), figsize=(16, 8))
fig.suptitle("Recommended Products”, fontsize=16)
for i, ax in enumerate(axes):
cloth_img = mpimg.imread(path + 'images/' + recommended_products[i])
ax.imshow(cloth_img)
ax.set_title(f"Product {i+1}", fontsize=12)
ax.axis('off")
plt.tight_layout()
plt.subplots_adjust(top=1.2)
plt.show()

1/1 [============================== ] - @s 155ms/step
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Figure 11: Product Recommendations - 2

* The final recommendation of our research study centers on the category of men’s
jeans as the key focus for our recommendation system. The efficacy of combin-
ing ResNet50 with kNN has been investigated and determined to be an effective
technique to generate accurate and personalized recommendations. The results of
our research excelled our initial projections, demonstrating the system’s outstanding
ability in understanding and recommending products that are relevant. The method
for recommending men’s jeans is illustrated in Figure 12. The demonstrated figure
showcases the effective integration of ResNet50 and kNN algorithms, generating
significant results. The ResNet50 model effectively captures subtle aspects and
features of women’s watches, enabling accurate suggestions based on design, color,
and style preferences. The above instance defines the efficacy of our methodology in
giving specific recommendations to users searching for women’s watch collections.

The combination of improved pattern recognition of KNN and ResNet50’s advanced
deep learning capabilities provides an in-depth investigation of diverse characteristics,
such as style, fit and color, in the domain of personalized product recommendation system.
The integration of these methods increases the algorithm to produce recommendations of
improved accuracy. The accomplishment of this outcome shows the effectiveness of our
recommendation system in providing personalized and satisfying results to consumers.
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# image Three path
user_image_path = 'fashion-dataset/images/39386.jpg’

# Get recommendations based on the image
num_recommendations = 5 # Number of recommendations to generate
recommended_products = recommend_products_by_image(user_image_path, num_recommendations)

# Display recommended products
fig, axes = plt.subplots(l, len(recommended_products), figsize=(16, 8))
fig.suptitle("Recommended Products”, fontsize=16)
for i, ax in enumerate(axes):
‘ cloth_img = mpimg.imread(path + ‘images/' + recommended_products[i])
| ax.imshow(cloth_imgﬂ
ax.set_title(f"Product {i+1}", fontsize=12)
‘ ax.axis('off')
plt.tight_layout()
plt.subplots_adjust(top=1.2)
plt.show()
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Figure 12: Product Recommendations - 3

6 Evaluation of the Recommendation System

6.1 Recommendation Function
6.1.1 Overview

The recommender function functions are the primary component of the system, perform-
ing an important role in giving personalized product recommendations. The main goal
of this system is to create recommendations through the analysis of images given by the
user. The immediate next section seeks to evaluate the functionality and efficiency of the
recommender function.

6.1.2 Image Processing

The recommender function successfully checks user-provided images by giving it to a pre-
trained ResNet-50 model to extract important features. The ResNet-50 neural network
architecture have been widely used for conducting an in-depth analysis for visual attrib-
utes, including pattern, color and design. By using the ResNet-50 model, researchers
might explore the complex details of image characteristics, so by obtaining the deeper
understanding of the challenges related to it. The effectiveness of the architectural design
has been demonstrated through a range of applications, encompassing object detection,
image recognition and image processing. The usage of image data enables the interpreta-
tion and investigation of such data, leading to improvements in artificial intelligence and
other related domains.
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6.1.3 Coordination of Processes:

This function effectively integrates multiple tasks, specifically KNN based and image
processing similarity search, in an efficient way. The integration between various com-
ponents is of paramount significance in order to enhance the effectiveness of the process
of recommendation, hence ensuring a proper understanding of user preferences by the
system.

6.2 Recommendations
6.2.1 Evaluation on First Recommendation (Tshirt):

The evaluation of the recommendation system encompasses three distinct product cat-
egories, beginning with T-shirts. The effectiveness of ResNet-50 and KNN in collecting
and matching user preferences is demonstrated by the system’s efficient recommendation
of T-shirts based on visual characteristics.

6.2.2 Evaluation on First Recommendation (Watch):

The next assessment centers on womens watch, demonstrating the adaptability of the
recommendation system across several categories of products. The ResNet-50 model
shows a high level of proficiency in capturing detailed features of women’s watches, hence
enabling accurate and personalized recommendations.

6.2.3 Evaluation on First Recommendation (Jeans):

The final assessment centers around men’s jeans, with a particular focus on the ability
of the system to deliver relevant and customized recommendations across several fash-
ion categories. The combination of the ResNet-50 and KNN algorithms demonstrates
significant results that exceed original expectations.

6.2.4 Visual Representation of Recommendations:

The illustrations of the recommendations for T-shirts, women’s watches, and men’s jeans
are depicted in Figures 10, 11, and 12, respectively. The presented data demonstrates the
effectiveness of the system by offering users with attractive and appropriately situated
product recommendations.

6.3 Discussion

The recommendation system that has been developed, as discussed in previous sections,
indicates significant advancement in utilizing deep learning and machine learning meth-
odologies to improve the customization of product recommendations within the fashion
industry. The following discussion will include fundamental elements, encompassing the
system’s benefits, prospective challenges, and paths for future improvement.

6.3.1 Strengths of the Recommendation System

» Effective Feature Extraction: The application of the ResNet-50 model for the
objective of feature extraction demonstrates its strong and reliable functionality.
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ResNet-50, which has been pre-trained on the ImageNet dataset, showcases its
proficiency in capturing explained image characteristics of fashion-related products.
Therefore, the outcome is a recommendation system that possesses the ability to
understand and adapt to user preferences.

* Versatility Across Categories: The adaptability of the system is demonstrated
by its capacity to provide accurate and personalized recommendations in several
fashion domains, including T-shirts, women’s watches, and men’s clothing. The
capacity to adapt to various user preferences and expand the scope of the system’s
applicability is of utmost importance.

* User-Centric Approach: This system utilizes an approach which is focused on
user that allows users to upload fashion related images. This method ensures that
recommendations are compatible with every individual likes and preferences. The
incorporation of the user’s images input plays a vital role in determining the re-
commendations, hence improving the entire user experience.

6.3.2 Potential Challenges and Areas for Improvement

= Scalablity: The investigation majorly focuses on a limited range of instances. In
order to evaluate the robustness and scalability of the system, it is imperative to
test the performance on using a larger and more expanded dataset. This study aims
to assess the system’s ability to generalize across a broader range of user preferences
and fashion products.

* User Feedback Integration: The efficiency of the system is defined by evalu-
ations; nevertheless, the inclusion of feedback by user is important in order to ob-
tain practical insights. Gathering feedback from users on the importance of fashion
trends and satisfaction with the recommendations could give us significant insights
for the improvement of the system.

* Computational Efficiency: In inclusion, the system includes deep learning mod-
els such as ResNet-50 and KNN, that it is imperative to give preference to compu-
tational efficiency. The optimization of the recommendation process, particularly
in situations based on extensive datasets, is crucial for maintaining responsiveness
and speed.

The recommendation system that has been executed represents an important develop-
ment in the integration of deep learning and machine learning techniques for its purpose
of providing personalized product recommendations. The advantages of this system are
mostly attributed to its outstanding feature extraction capabilities, its adaptability in
accepting various categories, and its focused on users approach. Nevertheless, it is es-
sential to address the aspects of scalability, integration of user feedback, and computing
efficiency. The continuous development of recommendation systems in the field of fashion
e-commerce requires ongoing enhancement and investigation of advanced methodologies
to ensure the system maintains its standing as the primary supplier of satisfactory and
appropriate recommendations to consumers.

20



7 Conclusion and Future Work

This study’s research methodology details the steps taken to develop a deep learning-
based fashion industry product recommendation system for making personalized product
suggestions to consumers. Exploration and preprocessing of datasets is the first step in
the research process, followed by model architecture creation, model training, and lastly,
model deployment. Each action is deliberate and calculated toward the end goal of enhan-
cing the online shopper’s experience with fashion merchants. The ever-changing nature of
the e-commerce landscape necessitates an all-encompassing strategy that integrates ex-
ploratory data analysis, cutting-edge deep learning models, and a solid recommendation
system. This method makes use of data analysis tools to uncover insights and recognize
patterns in the e-commerce space. By adopting advanced deep learning models, organ-
izations may leverage the potential of artificial intelligence to improve multiple facets of
their operations, such as customer segmentation, demand forecasting, and fraud detec-
tion. In addition, a powerful recommendation system can improve the user experience by
tailoring its product suggestions to each customer. Together, they form a solid foundation
upon which to take on the challenges of the e-commerce sector and propel any company
toward success.
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