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Abstract - Image classification is an important task in 
computer vision, where the goal is to automatically recognize 
and categorize images into predefined classes. Convolutional 
Neural Networks (CNNs) are widely used for this purpose 
because of their ability to learn visual features directly from 
data. However, conventional CNN models often face challenges 
such as overfitting, high computational cost, and limited 
accuracy in complex situations. In this work, we explore 
modified CNN architectures to enhance performance. The 
modifications include adjustments in the number of layers, 
filter sizes, activation functions, and regularization techniques. 
These improvements allow the model to capture more 
meaningful patterns in images and reduce classification 
errors. Experiments on standard benchmark datasets 
demonstrate that the modified CNN models achieve higher 
accuracy and efficiency compared to basic CNN architectures. 
This study shows that refining CNN design can significantly 
improve image classification, making it more robust and 
practical for real-world applications.  
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1. INTRODUCTION  

Image classification has emerged as one of the most 
significant and widely studied tasks in the field of computer 
vision. It refers to the process of automatically assigning a 
label to an image based on its visual content. With the rapid 
growth of digital data, especially images and videos, the 
demand for accurate and efficient classification techniques 
has increased dramatically. Traditionally, image 
classification relied on machine learning techniques such as 
Support Vector Machines (SVM), k-Nearest Neighbours 
(kNN), and Random Forests, where handcrafted features like 
edges, textures, and colour histograms were extracted 
manually. However, such methods often failed to generalize 
well across complex datasets due to their limited ability to 
capture hierarchical features [1][3][23]. 

The advent of deep learning has revolutionized image 
classification by enabling models to automatically learn 
discriminative features directly from raw images. Among 

deep learning models, Convolutional Neural Networks 
(CNNs) have become the most dominant approach due to 
their ability to capture spatial hierarchies through 
convolution, pooling, and non-linear activation functions 
[2][5]. CNNs eliminate the dependency on handcrafted 
features and provide an end-to-end learning framework, 
significantly improving accuracy in a wide range of tasks 
including object detection, medical imaging, facial 
recognition, and natural scene understanding [7][11][21]. 

In the specific context of binary image classification, 
distinguishing between cats and dogs has been considered a 
benchmark problem. This dataset, though simple in 
appearance, presents challenges such as variations in pose, 
lighting, orientation, and background noise. Researchers 
have demonstrated that CNNs can achieve impressive 
accuracy on this problem, making it a standard testbed for 
evaluating new architectures [4][9]. Modified CNNs, with 
additional layers, adjusted filter sizes, or the incorporation of 
regularization methods such as dropout and batch 
normalization, have shown potential in improving 
classification performance even further [6][12][23]. 

Recent studies suggest that enhancing CNN architectures by 
fine-tuning hyper parameters, experimenting with different 
activation functions, and incorporating data augmentation 
techniques leads to superior generalization [8][13]. Data 
augmentation strategies like flipping, scaling, and rotation 
expand the training dataset virtually, allowing the network 
to learn invariant features that improve robustness. 
Furthermore, optimization algorithms such as Adam, 
RMSprop, and SGD with momentum have played a crucial 
role in accelerating convergence and stabilizing training 
processes [10][15]. 

While machine learning-based approaches laid the 
foundation for automated classification, the shift toward 
deep CNNs has provided a transformative leap in 
performance. Nevertheless, standard CNN architectures may 
still suffer from issues such as overfitting, vanishing 
gradients, and high computational cost when applied to 
large-scale image datasets [14][18][25]. Therefore, research 
has focused on modifying CNN models to achieve a balance 
between accuracy and efficiency. These modifications 
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include altering the depth of the network, experimenting 
with filter dimensions, and integrating advanced techniques 
like global average pooling instead of fully connected layers. 

The goal of this work is to design and evaluate a modified 
CNN architecture for image classification using the cat and 
dog dataset. By systematically introducing architectural 
changes and training enhancements, the study aims to 
demonstrate improvements in classification accuracy, 
stability, and generalization compared to a baseline CNN. 
The contributions of this research lie in exploring 
architectural refinements, applying data augmentation 
effectively, and performing a comparative analysis with 
existing CNN-based approaches. This work not only validates 
the effectiveness of CNN modifications but also provides 
insights into how such architectures can be adapted for 
broader real-world applications of image classification 
[16][20]. 

2. PROPOSED WORK 

In this study, the publicly available cat and dog image dataset 
is employed to investigate the effectiveness of modified 
Convolutional Neural Network (CNN) architectures for binary 
image classification. Prior to training, all images are pre-
processed to achieve uniform resolution and normalized 
pixel values. To increase data variability and reduce 
overfitting, data augmentation techniques such as rotation, 
flipping, and scaling are applied, following approaches similar 
to those discussed in [6] and [4]. The dataset is then divided 
into training, validation, and testing subsets in order to 
provide a systematic framework for evaluation. 

       

Fig -1: Proposed Model for Image Classification 

A baseline CNN architecture is initially developed to serve as 
a reference. Subsequently, modifications are introduced to 
enhance model performance. These modifications include 
increasing the depth of convolutional layers, varying filter 
sizes to capture both fine- and coarse-grained features, and 
experimenting with activation functions such as ReLU and 
Leaky ReLU. Similar design choices have been highlighted in 
prior works on image classification using CNNs [9], [16],[24]. 
Pooling layers are tuned to retain essential spatial 
information, while dropout and batch normalization are 
incorporated to minimize overfitting and stabilize training, 
consistent with findings in recent CNN-based studies 
[19][25]. 

The modified networks are trained using the training set with 
adaptive optimization algorithms and learning rate 
scheduling to improve convergence. The validation set is 
employed to monitor model performance during training and 
to fine-tune hyper parameters. Multiple experiments are 
carried out with different configurations, and the best-
performing model is selected based on validation accuracy. 
Finally, the optimized CNN model is tested on the unseen test 
set, and results are evaluated using standard metrics such as 
accuracy, precision, recall, and F1-score. Performance is then 
compared with the baseline CNN architecture, demonstrating 
improvements in classification accuracy and robustness, 
which aligns with findings reported in similar cat and dog 
image classification studies [13], [1].  

3. RESULT AND DISCUSSION 

In this paper, we conducted a series of experiments to 
evaluate the performance of our proposed CNN-based model 
for binary image classification. Python served as the primary 
programming language, with OpenCV utilized for image 
preprocessing tasks such as resizing, normalization, and 
augmentation. For implementation, TensorFlow was 
employed to design and train the deep learning models.  

 

Fig -2: Training Dataset 
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The proposed CNN architecture consists of three 
convolutional layers for feature extraction, each followed by a 
max-pooling layer to reduce spatial dimensions while 
retaining important features. After the convolutional blocks, 
two fully connected dense layers were added, where the final 
dense layer used a Softmax activation function to perform 
binary classification. The model was compiled with the 
RMSprop optimizer, with a learning rate of 0.001, and the 
binary cross-entropy function was used as the loss function. 
The training process was conducted for 30 epochs with a 
batch size of 10. Accuracy was considered as the primary 
evaluation metric. 

 

Fig -3: Recognized Image 

During the experiments, several configurations were 
analyzed. First, the performance of the CNN model was 
evaluated using the original dataset. Next, data augmentation 
techniques such as rotation, flipping, and zooming were 
applied to increase dataset variability and reduce overfitting. 
Finally, additional variations of the model were tested by 
altering parameters such as optimizer and kernel size to 
observe their effect on performance. The results consistently 
demonstrated that the proposed CNN model with three 
convolutional layers, three max-pooling layers, and two 
dense layers achieved superior accuracy compared to 
baseline methods. 

The training and validation accuracy graph clearly shows a 
significant gap between the two curves, highlighting the 
model’s learning behavior. While the training accuracy 
increases steadily with each epoch and eventually reaches 
nearly 100%, the validation accuracy improves only during 
the initial epochs and then stagnates around 70–75%. This 
indicates that the model is overfitting, as it memorizes the 
training data but fails to generalize to unseen samples. 
Overfitting is a common challenge in machine learning, 
particularly in image classification tasks, where complex 
networks may capture noise rather than meaningful patterns. 
To overcome this issue, techniques such as dropout, L2 

regularization, data augmentation, or early stopping can be 
employed to balance training and validation performance. 
Ultimately, the graph emphasizes the need for robust model 
design to achieve both high accuracy and better 
generalization in real-world applications. 

 

 Fig -4: Training and Validation Accuracy 

 

Fig -5: Training and Validation Loss 

The graph shows the training and validation loss for the 
image classification model. The training loss (blue line) 
decreases consistently, indicating that the model is learning 
well on the training dataset. However, the validation loss 
(orange line) fluctuates and increases after some epochs, 
suggesting overfitting. This means the model performs better 
on training data but struggles to generalize to unseen data. 
Overall, the performance highlights the need for 
regularization or improved architecture tuning. 
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4. CONCLUSIONS 

In conclusion, this work shows how modified Convolutional 
Neural Networks can be effectively used for image 
classification tasks. The model was able to achieve high 
training accuracy, but the results also highlighted the 
challenge of overfitting, where the model learns the training 
data very well but struggles with unseen data. This study 
suggests that while CNNs are powerful, they need proper 
tuning and techniques like data augmentation or 
regularization to improve generalization. The findings can 
help future researchers design more balanced models that 
perform well on both training and real-world test data 
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