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Abstract 

The given research paper describes a CNN model of classifying images belonging to more than two 

classes on the Fashion-MNIST data. The model performed a test accuracy of 92.44% and test loss of 

0.2533 the greatest accuracy as compared to similar studies with similar architectures. The 

architecture has three convolutional-pooling blocks, a dense layer with dropout regularization (0.3), 

and a softmax output layer. The analysis of training and validation curves demonstrates mild 

overfitting of the later epochs, and the validation loss starts growing even though the training loss 

continues to decrease. In-depth analysis using confusion matrix and classification report identifies 

certain patterns of misclassification between visually similar categories. The paper also discusses 

implications on batch normalization, data augmentation as well as Vision Transformer architecture. 

Keywords: CNN; fashion-MNIST; dropout; overfitting; classification report; 92.44% accuracy; image 

classification 

 

Introduction 

Image classification is a basic task in computer vision that includes classification of input images 

based on class labels [1-2]. Traditional machine learning techniques generally rely on hand-crafted 

feature engineering where classification models like k-NN and SVM are used and are sensitive to 

feature design and cannot easily adapt to visual changes [3-5]. Deep neural networks, in particular 

CNNs, are trained on raw pixel data, without doing feature engineering. Fashion-MNIST is a widely 

used benchmark which offers a standardized multi-class environment with medium visual 

complexity [6-8]. The present study trains a custom CNN model with the help of TensorFlow/Keras 

to classify Fashion-MNIST images into 10 categories. In this paper the design and training process 

and evaluation process have been documented and the discussion has further been extended on AI 

driven research directions in future which encompass vision transformers, generative AI and multi-

modal learning systems [9-10]. The challenges of high intra-class variability and overfitting can be 

solved through implementation of a custom CNN architecture as exemplified in Figure 1 
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Figure 1. Custom Dropout-Regularized CNN Architecture. 

1.1. Importance of Fashion Image Classification 

Fashion datasets offer exclusive tests due to high intra-class variability, inter-class similarity, 

and subtle visual distinctions between categories such as shirts, pullovers, coats, and dresses. The 

Fashion-MNIST dataset helped in introduction of more complex alternative to the traditional MNIST 

handwritten digit dataset [11-13]. Also became widely adopted benchmark for evaluation of the 

performance of machine learning models in real-world-like image classification scenarios [14-16]. 

1.2. Challenges: Overfitting and Generalization 

Still achieving high accuracy while maintaining generalization remains a stubborn challenge. 

One of the key issues met is overfitting even though models perform remarkably well on training 

data[17] but fail to generalize efficiently to unseen samples. This is mainly obvious in deeper 

networks with high representational capacity. Which can also memorize training patterns rather than 

learning robust feature abstractions [18-19]. 

1.3. Role of Regularization and Dropout 

In order to solve this limitation, we have regularization techniques like dropout which are being 

widely adopted[20-22]. Dropout works by randomly disabling a subset of neurons during training 

hence reducing co-adaptation among features and improving model generalization. This technique 

has shown to be particularly effective in CNN-based architectures. 

1.4. Proposed Approach and Objective of the Study 

Here we propose and examine a dropout-regularized CNN architecture. This is especially 

designed for multi-class fashion image classification using the Fashion-MNIST dataset. The model 

attains an overall classification accuracy of 92.44% and demonstrates strong predictive performance 

while preserving controlled generalization behavior [23-25]. 

2. Related Work 

2.1. Classic Methods of Machine Learning 

Previous methods employed classifiers of k-NN and SVM on handcrafted edge-based or texture-

based descriptors[26-28]. Though they could be used in simpler tasks, feature design was critical to 

their performance and they could not easily be generalized to variations [29-31]. 
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2.2. CNN Architectures 

CNNs enhanced image classification by means of trained feature detectors. LeNet-5 [32] showed 

the capability of convolution and pooling in recognizing digits. VGG demonstrated that the stacked 

small convolutional filters enhances representational power [33]. In this work, a small CNN with a 

trade-off between performance and computational efficiency is used. 

2.3. Fashion-MNIST Benchmark 

Fashion-MNIST [34] consists of 70,000 grayscale 28x28 pixel size images of 10 clothing 

categories. It has 60,000 training and 10,000 test images, which is a much more demanding benchmark 

than the original MNIST digit dataset since some classes of clothing 

2.4. Transition from Traditional ML to Deep Learning 

The transition from conventional learning to deep learning has led to a significant improvement 

in image classification performance whereas classical approaches that depend on manually 

engineered features and deep learning models automatically learn hierarchical feature 

representations[35-37]. This enables better generalization across complex visual patterns. Therefore, 

transition has been mainly impactful in fashion image analysis as here subtle visual differences are 

critical. 

2.5. Role of Data Augmentation in Image Classification 

Data augmentation is an essential technique for improving CNN generalization by artificially 

increasing dataset diversity. Rotation, shifting, flipping, and scaling are all the different techniques 

that help models become more robust to variations in input data [38]. 

In Fashion-MNIST-based classification tasks, augmentation plays a key role in reducing 

overfitting and improving model stability [39]. 

2.6. Regularization Techniques in Deep Neural Networks 

A major challenge in deep learning models is overfitting due to their high representational 

capacity. In order to overcome this several regularization strategies have been put forward including 

dropout, L2 weight decay, and early stopping. Dropout is being widely used due to its simplicity and 

efficacy in avoiding co-adaptation of neurons during training. 

2.7. Research Gap Identification 

With all the advancements being made there is still limited studies focus on examining mild 

overfitting behavior alongside dropout effectiveness in compact CNN models [40]. In the same way 

many works give emphasis to accuracy alone and are short of detailed class-level interpretation[41-

43]. 

3. Methodology 

3.1. Data Acquisition and Preparation 

The data was loaded off Kaggle CSV files. Images were reconfigured (N, 28, 28, 1) and 

normalized pixel intensities ([0, 255] to [0, 1]) features and labels were split, and training/validation 

split was used (80/20). The validation set checks the generalization and overfitting. The dataset was 

divided into training, validation and test subsets to allow checking the generalization performance. 

The loss function was selected and the labels of the classes were coded accordingly. 

3.2. Model Architecture 

Architecture: Conv2D(32, 3×3, ReLU) + MaxPooling2D(2×2), Conv2D(64, 3×3, ReLU) + 

MaxPooling2D(2×2), Conv2D(128, 3×3, ReLU) + MaxPooling2D(2×2), Flatten, Dense(128, ReLU), 
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Dropout(0.3), Dense(10, Softmax). The most important distinction is the dropout layer- 30 percent of 

the neurons are randomly shut off during training to avoid co-adaptation and enhance 

generalization. The curvature is flattened with the help of fully connected dense layers. There is a 

high-level reasoning hidden layer with ReLU activation and the output layer with 10 neurons and 

softmax activation yields probability distributions across the 10 target classes. 

3.3. Training Configuration 

Trained on sparse categorical cross-entropy loss, batch size 64, with Adam optimizer, 15 epochs. 

The accuracy of validation and the loss were tracked on an epoch (Rajodiya et al., 2024). 

3.4. Role of Dropout Regularization 

This is a technique within this architecture to reduce the risks of overfitting. The model during 

training phase randomly disables a programmed subset of neurons and this prevents the network 

from becoming overly reliant on specific activations. This process forces the system to develop 

redundant and vigorous feature representations. This type of mechanism is vital for the Fashion-

MNIST dataset as here high inter-class resemblance frequently encourages memorization-based 

learning instead of true feature abstraction. 

4. Results and Discussion 

4.1. Classification Performance 

Test Accuracy: 92.44%, Test Loss: 0.2533. The final epoch accuracy was 96.77%, and validation 

accuracy was 92.37% (epoch 12). Validation loss minimum of 0.2232 (epoch 11) and maximum of 

0.2626 (last epoch) was achieved. The majority of pattern disturbances: Shirt versus T-shirt/top, 

Pullover versus Coat, Ankle boot versus Sneaker (Roopa et al., 2026). 

Table 1. Test Evaluation Results. 

Metric Value 

Test Accuracy 92.44% 

Test Loss 0.2533 

Model Fitting Mild overfitting in later epochs 

Epochs 15 

4.2. Model Fitting Analysis 

The model has a slight degree of overfitting: the training accuracy keeps rising whereas 

validation accuracy levels off and training loss keeps declining whereas validation loss rises after the 

11th epoch. In the later epochs the gap of generalization increased. Nonetheless, a test accuracy 

(92.44) was very similar to the validation accuracy, which suggests that the overfitting is not extreme. 

The model continues to be relatively robust in classification. 
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Figure 2. Comparative Analysis of Model Accuracy. 

4.3. Error Analysis 

Examples of misclassification include the similarity in visual outlines of classes in grayscale low-

resolution conditions. The model puts high confidence on similar categories which are visual that 

means that extracted features are not enough to disambiguate some cases. The only way to overcome 

this limitation is to enhance image quality (higher resolution, color information), and not by changing 

the model architecture. The misclassification pairs that were consistent were Shirt ↔ T-shirt/top, 

Pullover ↔ Coat and Sneaker ↔ Ankle boot. These regular patterns point to the fact that the model 

had significant learned decision boundaries and was constrained by the resolution and grayscale of 

the input data. 

5. Future Research Directions 

Vision Transformers (ViTs) has introduced a paradigm shift through its image representation as 

patch sequences with self-attention, which provide awareness of global context, which, as per inter-

class ambiguity, may address inter-class ambiguity. Examples of AI-based retail automation systems 

are automated product classification, visual search, and personalized recommendation. The 

discriminative properties of classifiers could be used in model generative AI (e.g., GANs) to generate 

new fashion designs. Classification of visually ambiguous categories might be enhanced further with 

multi-modal learning with visual and textual features with models such as CLIP. The use of edge 

computing is possible due to the lightweight architecture, and model compression methods (pruning, 

quantization, knowledge distillation) reduce inference latency on real-time applications on mobile 

and IoT devices. 

6. Conclusion 

This model had a test accuracy of 92.44%--a high score on a small CNN on Fashion-MNIST. Late 

epochs exhibited mild overfitting (McGuinn, 2025). Future directions involve augmentation of data, 

batch normalization, hyperparameter optimization (learning rate, dropout rate, filter counts), larger-

resolution color data, and experimenting with more or other architectures. The paper affirms that 

carefully-crafted lightweight CNN models continue to be useful in image classification tasks and that 

they require color inputs with greater resolution, more complex architectures, and multi-modal 

methods to completely address inter-class visual ambiguity in fashion data. 

The error analysis directed in this study gives us critical insight into the "bottleneck" of fashion 

classification (Akila et al., 2024). The insistent misclassification of visually similar pairs specifically 
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Shirt ↔ T-shirt/top, Pullover ↔ Coat, and Sneaker ↔ Ankle boot explains us that this is imposed 

by data resolution and grayscale limitations instead of being a fundamental flaw in the CNN’s design. 

This shows us that while the model is relatively robust, the extracted features are sometimes 

insufficient to reduce categories with high inter-class similarity under low-resolution conditions 

(Salim et al., 2026; Mohammed et al., 2024). 
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