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Abstract: Image classification is one of the most important tasks in computer vision and machine learning, where images are
categorized into predefined classes based on their visual content. Traditional image classification methods require manual
feature extraction, which can reduce efficiency and accuracy when dealing with large datasets. Convolutional Neural Networks
(CNN:s), a deep learning approach, have significantly improved image classification performance by automatically extracting
hierarchical features from images. This paper presents a CNN-based image classification system using machine learning
techniques to enhance accuracy and efficiency. The proposed system includes image preprocessing, feature extraction, model
training, and classification. Experimental analysis shows that CNN-based models outperform traditional machine learning
methods in terms of accuracy, robustness, and scalability. The system can be applied in various fields such as healthcare,
surveillance, agriculture, autonomous vehicles, and object recognition.
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I. INTRODUCTION

Image classification is a fundamental problem in computer
vision where images are assigned to predefined categories
based on their visual features. With the rapid growth of digital
images and multimedia applications, automatic image
classification has become increasingly important. Traditional
machine learning methods such as Support Vector Machines
(SVM), Decision Trees, and K-Nearest Neighbours (KNN) rely
on handcrafted features like color histograms, edge detection,
and texture analysis [1]. However, these methods are often
time-consuming and less effective for complex image datasets.

Convolutional Neural Networks (CNNs) have emerged as
powerful deep learning models capable of automatically
extracting meaningful features from images. CNN
architectures consist of convolution layers, pooling layers,
activation functions, and fully connected layers, enabling
efficient feature extraction and classification [2]. Due to their
high accuracy and automation capability, CNN-based image
classification systems are widely used in medical imaging,
facial recognition, agriculture monitoring, autonomous
vehicles, and security systems. The main objective is to
develop an efficient CNN-based image classification system
using machine learning techniques. Specific objectives
include:

e Improve classification accuracy using CNN models.
e Automate feature extraction from images.

e Reduce classification errors.

e Enhance system performance and reliability.

e Apply the system in real-world applications such as
healthcare, agriculture, and surveillance.
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1I. LITERATURE REVIEW

Ahmad et al. [3] (2025) proposed a ResNet-50 based
Convolutional Neural Network model for bird and drone image
classification. The authors utilized image augmentation and
deep residual learning techniques to improve feature extraction
and classification accuracy. Experimental results demonstrated
that the proposed model achieved superior performance
compared with conventional CNN architectures. Nie et al. [4]
(2025) proposed an improved CNN architecture for water
turbidity image classification. The researchers optimized
convolutional and pooling layers to enhance prediction
accuracy and reduce computational complexity. The proposed
CNN-10 model with dropout layers achieved high classification
accuracy under noisy environmental conditions.

Chen et al. [S] (2025) presented a comprehensive review of
CNN-based medical image classification methods. The study
analyzed recent developments in transfer learning,
preprocessing strategies, CNN architectures, and explainable
deep learning models for disease diagnosis applications. The
authors highlighted that CNN models significantly improve
medical image classification performance and diagnostic
efficiency. Yang et al. [6] (2025) proposed an enhanced
Convolutional Neural Network architecture for image
classification using deeper convolutional blocks, batch
normalization, and dropout regularization. The proposed
framework improved feature representation and minimized
overfitting problems in CIFAR-10 image datasets.
Experimental analysis confirmed that the enhanced CNN model
outperformed baseline architectures in classification accuracy.

Appasami et al. [7] (2025) developed a lightweight CNN
architecture for MRI brain tumor image classification with
performance-driven optimization. The proposed model
achieved high accuracy while maintaining low computational
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complexity and reduced model size, making it suitable for real-
time medical imaging applications and resource-constrained
environments. Rybacki et al. [8] (2025) proposed a Three-
Dimensional Convolutional Neural Network (3D-CNN)
architecture for recognizing defects in soybean seed images.
The study demonstrated that 3D-CNN models effectively
captured spatial feature representations and improved
classification accuracy for agricultural image analysis
applications.

Basyal et al. [9] (2026) proposed transfer learning based CNN
architectures for medical image classification. The researchers
integrated pre-trained deep learning models with customized
fully connected layers to improve classification accuracy and
reduce training time. The experimental results demonstrated the
effectiveness of transfer learning for complex medical image
datasets. Sarkar et al. [10] (2026) reviewed recent deep
learning approaches for image classification including CNN,
RNN, LSTM, GAN, RBM, and DBN models. The study
discussed comparative analyses of various image classification
techniques and emphasized that CNN-based models provide
superior performance in computer vision applications due to
their automatic feature learning capability.

Earlier research in image classification focused on traditional
machine learning approaches that relied heavily on manual
feature extraction. Algorithms such as SVM, Decision Trees,
and KNN were commonly used but showed limitations when
handling large-scale image datasets. Recent advancements in
deep learning, particularly CNN architectures such as AlexNet,
VGGNet, ResNet, and MobileNet, have significantly improved
image classification accuracy. These models automatically
learn hierarchical image features and reduce the need for
manual intervention.

Transfer learning techniques have also gained popularity,
allowing pretrained CNN models to be reused for new
classification tasks. Studies indicate that CNN-based methods
outperform traditional techniques in accuracy, computational
efficiency, and scalability[11].

Convolutional Pooling Pooling Fully Connected Output
Layers Layer Layers Layer

Conv + Conv +

: Pooling
Input Image RelU ReLU

Figure 1 : Architecture of CNN
1. METHODOLOGY

The proposed system uses a Convolutional Neural Network
model for image classification. The methodology consists of
data collection, preprocessing, feature extraction, model
training, and classification.
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3.1 DATA COLLECTION AND PREPROCESSING

Images are collected from publicly available datasets such as
MNIST, CIFAR-10, ImageNet, or custom datasets.
Preprocessing includes resizing images, normalization, noise
removal, and data augmentation techniques to improve
accuracy and reduce overfitting.

3.2 FEATURE EXTRACTION USING CNN

CNN automatically extracts features using convolution layers
followed by activation functions like ReLU. Pooling layers
reduce dimensionality while preserving important information.

3.3 MODEL TRAINING AND CLASSIFICATION

The dataset is divided into training and testing sets. The CNN
model is trained using labeled images, and classification is
performed on unseen test images to evaluate performance [12].

Algorithm 1: CNN algorithm
Step 1: Input

Load image dataset.

Define CNN architecture parameters.
Step 2: Preprocessing

Resize images.

Normalize pixel values.

Apply data augmentation techniques.
Step 3: Feature Extraction

Apply convolution layers.

Extract spatial features.

Perform pooling operations.
Step 4: Model Training

Train CNN model using training dataset.

Optimize model weights using backpropagation.
Step 5: Classification

Test model with unseen images.

Classify images into predefined categories.

Iv. RESULTS ANALYSIS

The model CNN was tested with a standard image set of various
classes. The data set was split into 70:15:15 training, validation
and test set. The training was performed with the Adam
optimizer, categorical cross-entropy loss function, ReLU
activation in the hidden layer (except the last one), and Softmax
activation in the output layer. The CNN model exhibited a
consistent rise in accuracy and decline in loss until it reached
its peak at epoch 7. The CNN model has seen an improvement
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in accuracy and decrease in loss over epochs during training.
Evaluation of the performance was done on the basis of
accuracy, precision, recall, fl scores and confusion matrix.
Table 1 shows the performance analysis. The training accuracy
was about 95.2% whereas validation accuracy stabilized at
about 95%, which is good generalization. The experimental
results demonstrate that the CNN model has a better
classification accuracy and generalization performance. The
model has a large improvement in performance compared to the
conventional methods and is applicable for real world image
classification problems.

Table 1 : Performance results analysis

Model Accuracy (%)
SVM 88.5
Random Forest 90.2
KNN 85.7
Proposed CNN 95.2

V. CONCLUSION

This paper presented a CNN-based image classification system
using machine learning techniques. [14] The proposed model
effectively extracts features automatically and achieves high
accuracy compared to traditional machine learning approaches.
CNN models are highly suitable for complex image datasets
and real-time applications. Future work may include larger
datasets, advanced architectures, and optimization techniques
to further enhance classification performance.[15] The system
has wide applications in healthcare, security, agriculture,
autonomous vehicles, and industrial automation.
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