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Abstract

The given research paper is an end-to-end architecture of grayscale clothing image classification with
a lightweight Convolutional Neural Network (CNN) with the Fashion-MNIST dataset. Its
architecture consists of three convolutional layers with Batch normalization to stabilize training,
Dropout to avoid overfitting, MaxPooling to reduce spatial, and data augmentation (random rotation,
shifting, zooming, flipping) to increase the effective training set. Early Stopping callback was used to
terminate training when the validation performance leveled off. The model obtained 88.63%. test
accuracy, which indicates that a tailor-crafted lightweight CNN can be used to perform competitively
on Fashion-MNIST without resorting to complex heavyweight architectures. The precision and F1-
scores were high when it came to categories that had distinct visual characteristics (trousers, sandals,
bags) and categories with similar textures and outlines (T-shirts, pullovers, coat) were likely to be
misclassified. The paper also contextualizes these findings concerning the development of CNN
architecture of LeNet-5 to AlexNet and VGGNet, and explains the implications of the results to the
effective use of Al in resource-restricted settings.

Keywords: CNN; Fashion-MNIST; data augmentation; batch normalization; early stopping;
lightweight architecture; dropout

1. Introduction

Image classification is a basic task of computer vision, which tries to categorize images into a set
of predefined categories according to visual sensation such as shape, texture and color [1]. It is
extensively used in medical image diagnosis, visual search in e-commerce and autonomous driving
target recognition. Prior to deep learning, classification was based on manual designed features with
HOG and Local Binary Patterns (LBP) which were not able to cope with complex backgrounds, large
changes in size and complex human body postures [2—4]. The CNNs can learn end-to-end automatic
features of raw pixel data by using multi-layer convolution and pooling operations [5,6]. Deep layers
learn the high-level abstract features that are useful to achieve accurate classification whereas shallow
layers learn the low-level features (edges, corners, textures) of the image. Nevertheless, such deep
architectures as AlexNet and VGGNet do not scale to medium-size grayscale datasets such as
Fashion-MNIST because of the number of parameters and computation costs [7]. The study develops
a simple custom CNN with Batch Normalization and data augmentation that is tailored to the
properties of Fashion-MNIST. Figure 2 shows a cloud-edge Al architecture that allows scalable and
real-time fashion image classification.
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Figure 1. Cloud—edge Al design for fashion image classification

1.1. Challenges in Image Classification

Even with all the advancements that have taken place in image classification design there are
several challenges like variations in lighting conditions, object orientation, occlusion, and intra-class
similarity. These all can negatively impact model performance[8].

In datasets like Fashion-MNIST here images are grayscale and low-resolution (28x28 pixels).
This helps distinguish between visually similar classes. Such as shirts, pullovers, and coats becomes
particularly difficult also overfitting remains a concern when models are too complex relative to
dataset size [9].

2. Related Work

The classical approaches (SIFT, HOG + SVM/k-NN) reached 7075 percent accuracy on Fashion-
MNIST [10]. CNN CNN_5 defined the backbone of workflow in CNN containing approximately
60,000 parameters. AlexNet (60 million parameters) introduced ReLU, training on the GPU, and
Dropout but is too big to be deployed in a lightweight system. VGGNet (138+ million parameters)
was more accurate with 3x3 kernels, but it involves enormous computations. This paper develops a
balanced architecture that is appropriate to Fashion-MNIST on the medium scale.

Table 1. CNN Architecture Comparison.

Architecture Key Feature Parameters Suitable For
LeNet-5 CNN core workflow 60K Small, simple images
AlexNet ReLU, GPU, Dropout 60M Large-scale complex
classification
VGGNet 3x3 small kernels 138M+ High-precision, transfer learning
BN +D +
This Study N+ Dropout Lightweight Medium-size grayscale datasets

Augmentation
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2.1. Deep Learning for Image Classification

Deep learning help convert image classification through enabling models to by design learn
hierarchical feature representations from raw data [11]. Convolutional Neural Networks have
become rapidly used mainly due to their ability to capture spatial dependencies and patterns in
images. Nonetheless traditional machine learning approaches that rely on handcrafted features,
CNNss perform end-to-end learning, resulting in improved accuracy and strength [12]. Recent studies
present that CNN-based models reliably outperform classical methods across various domains. This
includes medical imaging, remote sensing, and fashion analysis [13].

2.2. CNN Architectures for Fashion Image Classification

Yet this faces unique challenges due to subtle differences between categories and low-resolution
datasets such as Fashion-MNIST. Several studies showcase that CNN architectures can be used to
address these challenges. [14,15] recommends a deep learning-based classification model for apparel
images and achieving high accuracy through optimized convolutional layers. Equally [16] presented
a hierarchical CNN architecture that increases classification performance by capturing multi-level
features. These approaches prove that CNNs can proficiently distinguish between visually similar
clothing items. Although performance is still constrained by dataset restrictions [17-19].

3. Methodology

Fashion-MNIST (70,000 images, 28x28, 10 classes) was scaled to [0, 1] by Min-Max scaling and
divided into train/validation/test sets and one-hot coded. Data augmentation was implemented with
random rotation, width/height changes, zoom and horizontal flips. The CNN consists of three
convolutional layers, BatchNormalization and Dropout and MaxPooling, then Flatten, Dense layers
and Softmax output. Early Stopping observed loss in validation to avoid unwarranted training [21].

3.1. Data Preprocessing

To guarantee efficient model training, pixel values of the images were normalized using Min-
Max scaling to a range of [0, 1]. This normalization helps in stabilizing gradient updates and
accelerating convergence during training. The image data was reshaped to include a channel
dimension (28x28x1) to make it compatible with CNN input requirements.

Categorical labels were transformed into one-hot encoded vectors, allowing the model to treat
the classification task as a multi-class problem with probabilistic outputs [22].

3.2. Data Augmentation

For generalization and to reduce overfitting we use data augmentation techniques to artificially
expand the training dataset [23].
The augmentation plan comprises of:

We designed random rotations to simulate different orientations
Applied width and height shifts to account for positional variations
Zoom transformations to capture scale differences

L

Horizontal flipping to introduce mirror variations

These changes enable the model to learn stable features and improve robustness when
encountering unseen data [24].

4. Results and Discussion

The model was able to test at 88.63 percent accuracy. Trousers, sandals and bags had high
precision and Fl-scores because they possess unique visual characteristics [25]. T-shirts, pullovers,
and coats, which had such similar textures and outlines, were likely to be confused, especially in
noisy low-resolution grayscale images. This is indicative of the inadequate power of the model to
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identify slightly different clothes instead of data imbalance (Fashion-MNIST is balanced across
classes).

Table 2. Test Performance Summary.

Metric Value

Test Accuracy 88.63%
High-Performance Classes Trouser, Sandal, Bag
Challenging Classes Shirt, Pullover, Coat

4.1. Class-wise Performance Analysis

A comprehensive evaluation of class-wise performance showcase us that certain categories
achieved better higher precision and Fl-scores than others. Classes like trouser, sandal, and bag
feature strong classification performance due to their distinct shapes and structural features, namely
trousers have a unique vertical symmetry whereas bags and sandals possess clearly distinguishable
outlines compared to other clothing items [26-28].

On the other hand, classes including shirt, pullover, and coat are more puzzling for the model.
These classifications share similar textures, silhouettes, and pixel distributions. This makes it difficult
for the CNN to extract sufficiently discriminative features. For this reason, misclassifications
commonly occurred among these classes [29-31].

4.2. Misclassification Patterns

The detected misclassification trends present a key limitation of low-resolution grayscale
datasets as images in Fashion-MNIST lack color information and fine-grained texture details, the
model relies heavily on shape-based features [32]. Results in confusion among visually similar upper-
body garments. Especially when subtle differences in sleeve length or fabric type are not easily
captured [33-35].

5. Future Research and AI Connections

Greater resolution color data (DeepFashion), attention on discriminative garment features,
transfer learning using ImageNet-trained lightweight networks (MobileNet, EfficientNet) and multi-
modal learning that integrates visual and textual clothes information. To be deployed effectively,
model quantization and pruning might facilitate real-time inference in mobile and edge devices in
smart retail settings.

5.1. Attention Mechanisms for Feature Discrimination

One encouraging way is the integration of attention mechanisms into CNN architectures.
Attention modules allow models to focus on the most discriminative regions of an image, such as
sleeves, collars, or textures. These are critical in order to distinguish among similar clothing items
and can enhance classification accuracy by reducing confusion between classes with overlapping
visual characteristics.

5.2. Transfer Learning with Lightweight Architectures

Transfer learning using pre-trained lightweight models such as MobileNet and EfficientNet
offers another avenue for improvement. These architectures are trained on large-scale datasets like
ImageNet, can offer robust feature extractors that generalize well to smaller datasets. Fine-tuning
such models can considerably increase performance while retaining computational efficiency.
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6. Conclusions

The CNN with data augmentation and Batch Normalization (lightweight) was tested on
Fashion-MNIST with 88.63% accuracy, which proves that the strategies of multi-regularization can
offset the architectural simplicity. The model is also effective in capturing hierarchical characteristics
and also generalization to unobservable data. The main weakness, namely confusion of similarly-
textured clothes in grayscale is a factor of dataset shortcomings that can be countered with better
quality input and advanced architectures.

This research showecases that the practical relevance of lightweight deep learning models in
image classification task mainly in scenarios with limited computational resources also highlights the
significance of selecting proper preprocessing and regularization techniques to maximize model
effectiveness. Future research should focus on exploring more complex datasets and improved
feature representation methods. Also work on hybrid architectures to further enhance performance
and address present limitations.
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