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Abstract - People are particularly conscious of their clothing
choices since fashion has a big influence on daily life. Large
populations are usually recommended fashion goods and
trends by specialists via a manual, curated process. On the
other hand, e-commerce websites greatly benefit from
automatic, personalized recommendation systems, which are
becoming more popular. This study introduces a deep
learning-based  framework for  personalized fashion
recommendation, utilizing the Fashion-MNIST dataset as the
primary data source. The dataset was divided into training and
testing sets in a 70:30 ratio to ensure robust evaluation. CNN,
Feedforward Neural Networks (FNN), and LSTM models were
employed for fashion item classification. Evaluation metrics
such as F1-score, recall, accuracy, precision, and loss, along
with confusion matrix analysis, were utilized to assess model
performance. Among the tested models, the CNN demonstrated
superior performance, achieving 93.99% accuracy, with F1-
score, recall, and precision all at 94% and a loss value of
0.2037. Comparative analysis further highlighted the CNN's
effectiveness over FNN and LSTM models. These findings
demonstrate the promise of CNN architectures for improving
the precision and consistency of individualized clothing
recommendation systems.

Keywords - Personalized Fashion Recommendations, E-
commerce, Fashion Industry, Fashion-MNIST Dataset.

1. Introduction

The rapid development of e-commerce has revolutionized
how people shop, with online platforms becoming the primary
avenue for purchasing goods and services. Within this
paradigm, fashion has emerged as a pivotal industry, deeply
intertwined with societal identity and personal expression.
Unique apparel often reflects individual self-concepts and
lifestyles, highlighting cultural and temporal nuances[1]. For
the fashion industry, the accurate classification and
recommendation of clothing products are critical to addressing
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consumer demands and optimizing business processes.

However, the vast amount of online clothing information can

overwhelm consumers, posing challenges for both merchants

and users[2]. Merchants aim to enhance shopping efficiency

and cater to diverse preferences, while consumers seek

personalized experiences that align with their unique tastes.

Personalized recommender systems address this gap by offering

tailored suggestions based on user preferences and behavior|[3].

These systems have become integral to online shopping,

enabling retailers to optimize inventory, boost customer

engagement, and foster loyalty. For customers, such systems

enhance shopping efficiency, providing a more seamless and
satisfying experience.

Data sparsity, the cold start issue, and dependence on prior
user input are some of the obstacles that classic recommender
systems encounter despite their advantages [4]. These
limitations can negatively impact prediction accuracy and user
trust. To address these issues, DL-based recommender systems
have emerged as a robust alternative[5]. Leveraging their ability
to model complex, non-linear user-item relationships, these
systems can analyze vast and diverse datasets, including
contextual, textual, and visual information. There have been
many changes to enhance recommenders' performance, and
deep learning has recently been radically changing
recommendation architectures[6]. By successfully navigating
challenges presented by traditional models and attaining
impressive suggestion quality, recent developments in
recommender systems based on deep learning have garnered
considerable interest.

1.1 Motivation and Contribution of the Study

The rapid growth of e-commerce has revolutionized the fashion
industry, but consumers often face challenges navigating vast
catalogs and finding items that match their preferences, while
retailers strive to optimize inventory and provide personalized
recommendations. Deep learning offers transformative potential


https://doi.org/10.63282/3050-9246.IJETCSIT-V6I2P105

Navya Vattikonda et al. / IJETCSIT, 6(2), 36-46, 2025

by capturing complex, non-linear relationships between users
and items and leveraging diverse data sources, like visual and
contextual information, for more accurate and personalized
recommendations. This study aims to employ a DL-based
approach using the Fashion-MNIST dataset to overcome these
challenges, enhancing the efficiency and personalization of
fashion recommendations for consumers and optimizing
operations for retailers. The key contribution of this study is
listed below:

o Utilization of the Fashion-MNIST dataset to validate the
effectiveness of a proposed system.

o Implementation of a robust pipeline with resizing,
normalization, and one-hot encoding for optimal model
input.

o Development of a deep learning framework using CNN,
FNN, and LSTM for accurate and tailored fashion
recommendations.

o Detailed performance analysis employing metrics like
F1-score, recall, precision, accuracy, and confusion
matrix.

1.2 Structure of paper

Here is the outline for the remaining portion of the paper:
Section Il discusses prior studies on fashion recommendation
systems. Section Il presents the methods and procedures,
whereas Section IV analyses the results. Finally, Section V
summarizes the study's findings and suggests future directions.

2. Literature Review

An exciting area of study is fashion suggestion. The intersection
of RSs and the fashion industry remains mostly uncharted
territory despite the extensive research on RSs. Some of
reviews are as follows:

e In, Aoki et al. (2019) is to improve the classifier in
order to make fashion style estimate more accurate. To
train a final SVM-based classifier, experiments were
carried out using the Hipster Wars dataset, and to
develop a feature extractor, experiments were carried
out using the WEAR Style dataset. Classification
accuracy was 83.8% when using SSD-based detection
following PSPNet-based segmentation, 84.7% when
using VAM with ICNet, and 85.1% when using VAM
with PSPNet. These methods achieved a higher
classification accuracy of 83.0% in the same
experiments compared to VAM using full
convolutional network (FCN). Controlling the
classifier's attention improves classification accuracy,
according to the findings[7].

e In, Yamamoto and Nakazawa (2019) present their
approach to developing CD-CNNs, an enhanced
algorithm for recognizing fashion styles. Combining

the results of CD-CNNs with an SVM allows them to
carry out the categorization. Using the Hipster Wars
dataset (with an accuracy of 85.3%) and the
FashionStyle14 dataset (with an accuracy of 77.7%),
they were able to demonstrate that their strategy is
effective and can enhance classification accuracy [8].

e In, Jaradat et al. (2018) provide two new approaches to
dynamically assist visual categorization with important
social media textual material. Through rigorous testing
on both the Instagram dataset and the baseline fashion
dataset (Deep Fashion), they have shown that their
methods can outperform base designs in terms of
accuracy, with a 20% improvement. They have
achieved a 35% improvement in accuracy for the
multi-class multilabel classification problem using
Dynamic layers compared to the other model [9].

e In, Seo and Shin (2018) suggestion is to use the
ImageNet dataset to pre-train the GooglLeNet
architecture and then use design features to fine-tune
their fine-grained fashion dataset. That will cut down
on training time and work well with the short dataset.
Final test accuracy findings averaged 62% after 10-
fold studies[10].

e This study, Li et al. (2017) suggests a system that uses
ML to automatically put together clothing. They want
to monitor the score component by using the
popularity of outfits on fashion-oriented websites. The
suggested composition technique was trained and
evaluated using a large fashion outfit dataset consisting
of 368K fashion pieces and 195K outfits culled from
Polyvore. The scoring component of the fashion outfits
and the limited composition assignment are both quite
difficult, yet they have managed to get an AUC of
85% and a 77% accuracy rate, respectively [11].

e In, Chen, Chen and Chen (2014) constructed an
innovative dataset for classifying eight types of face
shapes, paving the way for further studies on this topic.
Additionally, they showcase experimental findings that
demonstrate the suggested face shape characteristics
attaining a 94% accuracy rate in face shape
categorization. Additionally, they showcase a live
demonstration of the fashion picture suggestion
algorithm that is reliant on face shape [12].

Table | summarizes key studies on fashion
recommendation and classification, highlighting datasets,
methodologies, performance, and limitations. It provides

insights into advancements in leveraging ML and DL
techniques for personalized fashion applications.
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Table 1. Summary Of The Related Work On Personalized Fashion Recommendations Using Deep Learning

Aoki et al., Hipster Wars, SSD detection with Classification accuracies: Limited dataset diversity; future
2019 WEARStyle PSPNet segmentation, 83.8% (SSD-PSPNet), work can explore integrating
VAM with ICNet, 84.7% (VAM-ICNet), 85.1% | advanced attention mechanisms
PSPNet, FCN; SVM- (VAM-PSPNEet), 83.0% and datasets with varied fashion
based classifier (VAM-FCN) categories.
Yamamoto HipsterWars, Component-dependent Classification accuracies: Limited exploration of body
and FashionStyle14 CNNs (CD-CNNs) with | 85.3% (HipsterWars), 77.7% postures; future work can
Nakazawa, semantic segmentation, (FashionStyle14) include improved body part
2019 pose estimation, and SVM segmentation algorithms and

classification.

diverse datasets for broader
applicability.

Jaradat et al., | Instagram, Deep Adaptive neural pruning

Accuracy improved by ~20% | Heavy reliance on social media

2018 Fashion (Dynamic Pruning), compared to base text content; future work could
Dynamic Layers for architectures; address handling noisy or
attribute-based DynamicLayers achieved missing textual data and
classification 35% accuracy in multi-class expanding the framework for
multilabel classification. more nuanced classifications.
Seo and Custom fine- Pre-training GoogLeNet Final test accuracy: 62% Small dataset size limits
Shin, 2018 grained fashion on ImageNet and fine- generalizability; future work
dataset, ImageNet | tuning on design attribute- can focus on incorporating
based fashion dataset larger datasets and leveraging
transfer learning with more
sophisticated architectures.
Lietal., Polyvore (195K Multimodal multi- AUC of 85% for scoring Limited metadata consideration;
2017 outfits, 368K instance deep learning component; 77% accuracy future work could involve
fashion items) system for fashion outfit | for constrained composition incorporating more contextual
scoring and composition task and user-specific data to
enhance recommendation
quality.
Chen, Chen, Custom face Face shape classification | 94% accuracy for face shape | The dataset is limited to eight
and Chen, shape dataset using novel face shape classification face-shape categories; future
2014 features and a prototype work could expand the dataset

face-shape-based
recommendation system

and improve classification
techniques.

3. Methodology

This study adopts a structured approach to designing a
personalized fashion recommendation system using deep
learning techniques. The Fashion-MNIST dataset serves as the
primary data source, comprising images that were preprocessed
through resizing to 28x28 pixels, grayscale conversion, pixel
value normalization, and one-hot encoding of labels. To make it
easier to build and evaluate models, the dataset was split into
70:30 training and testing subsets. Deep learning architectures,

including CNN, FNN, and LSTM models, were employed to
analyze and classify fashion items. Performance assessment
used confusion matrices and measures, including accuracy,
precision, recall, and F1-score, to measure the efficacy of the
model. This comprehensive design ensures the creation of a
system capable of delivering accurate and tailored fashion
recommendations. The flow chart for applied methodology is
shown in Figure 1.
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Figure 1. Flowchart for Fashion recommendation system

The overall process of the data flow diagram in-depth training photos and 10,000 test images in it. From T-shirts

analysis is described below:

3.1 Data Collection

and tops to ankle boots, each greyscale picture is sorted into
10 distinct groups. The F-MNIST dataset is shown in Figure
2 with example images:

The dataset utilized in this study, known as Fashion-MNIST,
was sourced from the KAGGLE repository. There are 60,000

Class: T-shirtop

Class: Sandal

-
u

5 1 5 0 ] 0 5 10 15 20 =

Figure 2. Sample images in F-MNIST dataset
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Figure 3. Fashion Outfit Categories

Figure 3 displays a horizontal bar chart showing the
frequency of various product categories, likely from an e-
commerce dataset. The most frequently occurring categories are
"T-shirts," "Shirts," "Watches," and "Casual Shoes," with their
bars extending the furthest to the right, indicating high counts.
Conversely, categories like "Nail Polish," "Pendants," and
"Sweaters" appear less frequently, as reflected by their shorter
bars. This chart provides insight into product category

distribution or popularity.

3.2 Data Preprocessing
A clean data set is the goal of data preparation, which involves

transforming raw data. Prior to running the algorithm on the
dataset, it undergoes preprocessing to identify and remove any
inconsistencies, such as missing values or noisy data. The key
preprocessing steps utilized in this study are as follows:

e Data reshaping: Image resizing is essential for
displaying media at various resolutions and aspect
ratios. In this study, the images were resized to 28X28
dimensions.

e Grayscale the Image: The raw pixel values of the
images range from 0 to 255, representing different
intensity levels of the grayscale image.

3.3 Data normalization
Normalizing the pixel values ensures that all input features

are on the same scale, preventing the model from giving undue
weight to higher values. This normalization improves the
convergence rate and stability of the model during training.

3.4 One- hot encoding
The labels have been labeled using the one-hot encoding

approach. Here, they convert the integer label into a vector
where each element is a '1' representing the associated label
position and all the other elements are '0".

3.5 Data Splitting
In the complete dataset that was utilized in this study, 70%

was allocated for training, while the remaining 30% was
designated for testing. The model underwent training with the
training dataset, and subsequently, testing was conducted using
the testing dataset.

3.6 Proposed Convolutional neural networks (CNN) Model
a) onvolutional neural networks are deep learning
b) algorithms that take input images and convolve it
with
c) filters or kernels to extract features. A NxN image is
d) convolved with a fXf filter, and this convolution

operation

e) learns the same feature on the entire image[18]. The

f) window slides after each operation, and the features
are

g) learned by the feature maps. The feature maps capture
the

h) local receptive field of the eimage and work with
shared

i) Fig.1 A sample MNIST Dataset

)]

k) Fig.2 A CIFAR-10 dataset images

1) weights and biases [15,21].

m) onvolutional neural networks are deep learning

n) algorithms that take input images and convolves it
with

0) filters or kernels to extract features. A NxN image is

p) convolved with a fXf filter and this convolution
operation

g) learns the same feature on the entire image[18]. The

r) window slides after each operation and the features

are

40



Navya Vattikonda et al. / IJETCSIT, 6(2), 36-46, 2025

s) learnt by the feature maps. The feature maps capture

the

t) local receptive field of the eimage and work with
shared

u) Fig.1 A sample MNIST Dataset

V)
w) Fig.2 A CIFAR-10 dataset images
X) weights and biases [15,21].

Deep learning techniques known as CNNs take in pictures as
input and use filters and kernels to extract information. The fXf
filter is used to convolutionally train a single feature on an
entire NXN image. After every action, the window scrolls to
reveal the learnt features from the feature maps. The feature
maps record the image's local receptive field and use shared
biases and weights to function [13]. Convolution operation can
be expressed as follows (1):
y=fWexx+ by)

where:

o yis the output (feature map or classification result).

e f is the activation function (e.g., ReLU, sigmoid,
softmax).

o W,isthe weight (kernel) for layer k.

e b, isthe bias term for layer k.

e x denotes the convolution operation (or pooling if
applied).

e X is the input (either the image data or feature map
from the previous layer)

3.7 Model Evaluation
Model evaluation is a subprocess of the modeling process[14].
Accuracy, precision, recall, and fl-score, in addition to the
confusion matrix, are some of the metrics used to evaluate the
models in this research. In ML, a confusion matrix stands in for
a classification model's accuracy and is used to assess its
performance. The following classes are listed in below:
e TP (True Positive): The amount of positive
samples that were accurately anticipated.
e FP (False Positive): The total amount of
samples that were wrongly thought to be
negative.

e FN (False Negative): expected to have a
negative value but has a positive actual value

e TN (True Negative): The quantification of
samples that were accurately predicted as
negative.

Accuracy: The accuracy rate is the percentage of forecasts
that were right out of all the predictions made. To determine

accuracy, use the formula in Equation (2).
TP+TN

—_— oo
TP+TN+FN+FP

Accuracy =

Recall: The proportion of class members who were
properly categorized out of all the class members. Equation (3)

represents the formula for calculating recall.
TP

TP+FN

Recall = 000

Precision: The proportion of examples accurately
identified as belonging to a given class divided by the total
number of occurrences in that class. Equation (4) represents the
formula for calculating precision.

.. TP
Precision =

TP+FP

F1-Score: When Precision and Recall are harmonically
averaged, the result is the F1-score. The formula for computing
the F1-score is given by Equation (5).

2Xprecisionxrecall
F1—Score = ——

precisionxrecall

These matrices used for evaluate the model efficiency for
fashion recommendation system.

4. Result Analysis And Discussion

The laptop used for all the trials in this research has an Intel
Core (TM) i5-6300HQ CPU running at 2.30GHz x 4, 16GB of
DDR3 RAM, and an NVIDIA GeForce GTX 960M 4GB
graphics card. The study shows results for the proposed model
through graphical displays representing performance metrics to
provide substantial demonstrations of its effectiveness. Table 11
provides the results obtained from the CNN model. Several
different models were compared to the suggested one, including
FNNJ[15] and LSTM[16], as displayed in Table II.

Table 2. Findings of CNN Model for Fashion Recommendation System on the Fashion-MNIST dataset

Performance Matrix | Convolutional Neural Network (CNN)
Accuracy 93.99
Precision 94
Recall 94
F1-score 94
Loss 0.2037
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PERFORMANCE OF CNN MODEL FOR FASHION
RECOMMENDATION SYSTEM

120

100 93.99 94 94 94

80

N 60
Z

40

20

0.2037
0
Accuracy Precision Recall Fl-score Loss
MATRIX

Figure 4. Bar Graph for Performance of CNN Model

The CNN model's performance indicators for the fashion
recommendation are shown in Table Il and Figure 4. An
astounding 93.99% accuracy was attained by the CNN, with
precision, recall, and F1-score all approaching 94%. The
model's loss value was recorded at 0.2037, demonstrating its

effectiveness in accurately classifying fashion items while
maintaining a strong balance between precision and recall.
These results highlight CNN's potential for high performance in
fashion recommendation tasks.

Class Iabel 0 1 2 3 4 5 6 7 8 9
T-shirt/top 0 88 0 13 7 2 1 72 0 7 0
Trouser 1 O 988 0 7 1 0 2 0 2 0
Pullover 2 14 0 902 6 36 0 41 0 1 0O
Dress 3 |15|1|10(932/12| 0 |29| 0| 1[0
Coat 4 0 0 17 20932 0 27 0 4 0
Sandal 5 00 0 O 095 0 3 0|2
Shirt 6 75 0 29 19 54 0 815 0 8 0
Sneaker 7 O 0 0 O 0 6 0 984 1 9
Bag 8 0 0 0O 1 O 0 0 0 999 0
Ankle boot 9 0O 0 0 O 0 8 0 37T 1 954

Figure 5. Confusion matrix for CNN

Figure 5 shows the confusion matrix evaluating a
performance of a classification model. A table represents a
confusion matrix for a classification task involving 10 classes,
such as clothing items. Each row corresponds to the true class,

and each column shows how many instances were predicted as
each class. For example, 898 instances of "T-shirt/top" were
correctly classified, while 72 instances of "T-shirt/top" were
misclassified as "Ankle boot."
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Figure 6. Train-Test Loss curves for CNN Model

The CNN model's train and test loss curves across 60

training epochs are shown in Figure 6. The test loss begins low,
rises, and then falls, but the training loss begins high and

progressively declines throughout the epochs. This suggests that

the model is initially overfitting on the training data but
ultimately improves its generalization to the test set as training
goes on.

Model Accuracy

= =
- =
X1 o

Accuracy

=
=

0.8

10 20

30 40 50 &0
Epochs

Figure 7. Train-Test Accuracy curves for CNN Model

Figure 7 displays the train-test accuracy curves for a

CNN model spanning 60 training epochs. Training results in an
accuracy that begins at 0.85 and reaches 0.97 at the conclusion.

The test accuracy starts higher at 0.9 but fluctuates more,
ending around 0.92. This suggests the model initially overfits
the training data but eventually generalizes better to the test set.

Table 3. Comparison between CNN and other models Performance on the fashion-MNIST dataset

Models | Accuracy | Precision | Recall | Fl1-score
CNN 93.99 94 94 94
FNN 89.06 89 89 89

LSTM 88.26 88.56 88.87 | 88.56

Table Il compares a performance of a models on the
Fashion-MNIST dataset. The CNN outperforms both the FNN
and LSTM models across all metrics, achieving an accuracy of
93.99% and F1-score, recall, and precision of all 94%. In
comparison, the FNN scored 89.06% in accuracy, with F1-
score, recall, and precision all at 89%. The LSTM model, while
slightly behind the FNN, achieved an accuracy of 88.26%, with
recall88.87%, precision88.56%, and F1-score88.56%. These
results indicate that CNN is the most effective model for

fashion classification on this dataset, surpassing both FNN and
LSTM in overall performance.

5. Conclusion And Future Scope

Particularly in the realm of online purchasing,
recommendation algorithms have become indispensable. A lot
of people have been paying attention to recommendation
systems that are employed in many fields, with a particular
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emphasis on apparel and fashion. Considering customers'
personalized fashion choices makes the challenge much more
fascinating and complex. This research shows that using the
Fashion-MNIST dataset, DL models can effectively provide
tailored fashion recommendations. CNN performed the best out
of all the models that were evaluated, with an astounding
accuracy of 93.99%, along with precision, recall, and F1-score
of 94%. The LSTM model achieved an accuracy 88.26% and
the FNN model achieved an accuracy 89.06%, respectively. The
CNN model has the ability to classify fashion items accurately
and reliably due to its outstanding performance across all
measures. Findings also show that normalization, scaling, and
greyscale conversion are crucial preprocessing steps for
improving model performance. The recommendation system
will be fine-tuned in subsequent work by investigating more
complex architectures and making use of bigger, real-world
datasets to increase its flexibility and scalability.
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