
                                                                                 © 2026 JETNR | Volume 4, Issue 6 June 2026 | ISSN: 2984-9276 | JETNR.ORG 
     

 

JETNR2606046 Journal of Emerging Trends and Novel Research (www.jetnr.org) 
 

 

a342 
 

IMAGE CLASSIFICATION USING DEEP 

LEARNING 
 

1
Shruti Sharad Sonawane, 

2 
Prof. Ajay Shiketod. 

1 Department of MCA (Engineering), Anantrao Pawar College of Engineering & Research, Pune . 
1 Savitribai Phule Pune University, Pune, India . 

1shrutizzs.18@gmail.com 
 

2 Department of MCA (Engineering), Anantrao Pawar College of Engineering & Research, Pune . 
2 Savitribai Phule Pune University, Pune, India. 

2  shiketodajay900@gmail.com 
 
 

 
Abstract: Deep learning has transformed image classification by enabling automatic feature learning from raw pixels. 
Convolutional neural networks (CNNs) dominate this field, outperforming traditional methods in accuracy and 
scalability across domains such as medical imaging, remote sensing, and general object recognition [1] [2] [3] [4] [5] 

[6] [7] [8]. This paper outlines key models, training strategies, and a generic CNN-based system design for robust image 
classification, and highlights future directions including transformers and robustness to real-world challenges [1] [9] 
[4] [6] [10] [11] [12]. 
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I. INTRODUCTION 

Deep learning enables hierarchical feature extraction, replacing handcrafted features with learned representations and 
markedly improving fine-grained and large-scale image classification [1] [2] [9] [4] [5] [13]. CNNs have become the 
standard architecture due to their ability to learn spatially localized features and scale to large datasets like ImageNet 
[4] [14] [6] [8]. Current research addresses limitations of traditional CNNs on complex data, explores new architectures 
(e.g., vision transformers) and emphasizes transfer learning, efficiency, and robustness [1] [9] [4] [6] [10] [15] [12].  
 
II. LITERATURE REVIEW 

1. From traditional methods to deep learning 

Handcrafted features (HOG, ORB, etc.) and classical classifiers (SVM) struggle with massive data, high dimensionality, 
and complex patterns [2] [9] [3]. DL models learn features directly from data, improving accuracy and scalability [2] 
[9] [4] [13]. 
2. Rise and role of CNNs 

CNNs integrate convolution, pooling, and non-linear layers for hierarchical feature learning, achieving breakthroughs 
in ImageNet (AlexNet, VGG, ResNet) and becoming the backbone for many vision tasks [4] [14] [6] [7] [8] [13]. 
Reviews document CNN evolution, typical components, and applications in classification, detection, and segmentation 

[4] [5] [6] [7] [16] [17]. 
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Fig. Convolutional Neural Networks (CNN) 

 

3. CNNs vs. traditional machine learning 

Traditional ANNs and ML methods show low efficiency and poor accuracy on large image sets; improved CNN-based 
models with denoising and parameter tuning significantly outperform them [2] [3] [8]. Experiments comparing SVM + 
handcrafted features, capsule networks, and CNN transfer learning on chest X-rays show transfer-learned CNNs 
perform best for small datasets [3]. 

4. Architectural and training advances  
Deep residual networks, inception-type modules, and regularization methods (e.g., dropout, DropBlock, mixup, data 
augmentation) help train deeper models and reduce overfitting [4] [14] [7]. Evolutionary and search-based methods 
automatically design CNN architectures and weight initializations, outperforming many hand-crafted networks on 
multiple benchmarks with fewer parameters [18]. 
5. Transfer learning and pretraining 

Pretrained CNNs (VGG, Inception, ResNet) fine-tuned on target datasets yield strong performance, particularly when 

labeled data are limited, such as medical imaging and remote sensing [1] [3] [4] [5] [10] [8]. 
6. Applications across domains 

Medical: CNNs and hybrid models (e.g., AlexNet - GRU, combined CNN + geometric features) achieve high accuracy 
in detecting breast cancer, gastrointestinal lesions, and pneumonia from images [9][3]. Remote sensing and aerial 
scenes: CNNs and advanced architectures provide state-of-the-art scene classification [4] [8]. General image processing: 
Deep models are widely used for denoising, enhancement, segmentation, feature extraction, and classification [9]. 
7. Beyond CNNs 

transformers and cognition Vision Transformers trained via transfer learning match or exceed CNN performance on 
large image datasets and drone imagery, suggesting a shift toward attention-based models [10]. Work linking deep CNN 
features with human visual cognition uses visualization and saliency maps to interpret network focus and compare it 
with human attention [11]. 
8. Challenges and open issues 

Computational cost, need for large labeled datasets, interpretability, robustness to noise/adversarial attacks, and 
generalization across domains remain open challenges [1] [9] [4] [6][7] [11] [12]. 
 

III. METHODOLOGY 

The following generic methodology synthesizes common practices in the cited work. 
1. Dataset selection and preparation 

Use large, labeled datasets (e.g., ImageNet, medical or aerial benchmarks) or domain-specific collections [3] [4] [14] 
[10] [8]. Split into training, validation, and test sets; address class imbalance if present [3] [4]. 
 
2. Preprocessing and data augmentation 

Apply normalization, resizing, and noise reduction when needed [2] [9] [3]. Use augmentation (flips, rotations, 
translations, color jitter) to increase effective data size and improve robustness; shown beneficial across CNN, SVM, 
and capsule networks on X-ray data [3][4] [7]. 
 
 
3. Model selection and design 

Choose or design a CNN architecture (e.g., AlexNet, VGG, ResNet, or evolved CNN) appropriate to dataset scale and 

complexity [4] [14] [6] [7] [18] [8]. Optionally employ NAS/evolutionary methods to search architectures and weight 
initializations that balance accuracy and parameter count [18]. 
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4. Training strategy 

For large datasets: train from scratch with SGD or similar, using regularization (dropout, weight decay, BatchNorm) 
[4] [14] [7]. For small/medium datasets: adopt transfer learning, freezing early layers and fine-tuning later ones, which 
improves performance compared to traditional ML and capsule networks [3] [4] [5] [10]. 

5. Evaluation and comparison 

 Measure accuracy, error rate, and possibly other metrics (precision/recall, MSE) on validation and test sets [2] [3] [14] 
[8]. Compare performance across models and training regimes, as in studies contrasting different CNNs and 
optimization stages [2] [9] [18] [8]. 
6. Interpretability and robustness analysis 

Use activation/attention maps and saliency visualization to inspect what the network has learned and relate it to human 
visual attention [9] [11]. Explore robustness to noise, adversarial perturbations, and domain shifts where relevant [9] 

[11][12]. 
 
IV. PROPOSED SYSTEM 

Based on the surveyed work, a generic deep-learning image classification system can be proposed as follows. 
1. Input and preprocessing module 

Accepts raw images from the target domain (e.g., medical, remote sensing); performs normalization, resizing, and 
optional denoising to prepare consistent input tensors for the network [2] [9] [3] [8]. 
2. Backbone feature extractor 

Employs a CNN backbone (such as ResNet or VGG) or a ViT when sufficient data and compute are available [4] [14] 
[6] [10] [8]. Early layers capture edges and textures, deeper layers learn semantic concepts, in line with hierarchical 
feature learning observed across CNNs [9] [4] [6] [13]. 
3. Classification head 

Global pooling followed by fully connected layers and a softmax/other suitable output layer for multi-class classification 
[4] [14] [7] [8]. Optional regularization (dropout, DropBlock) to reduce overfitting, especially with limited data [4] [7]. 
4. Transfer-learning and fine-tuning component  

Initializes the backbone with weights pretrained on a large dataset (e.g., ImageNet or JFT-300M), then fine-tunes certain 
layers on the target data, shown effective for medical, aerial, and drone imagery [3] [4] [5] [10] [8]. 
5. Training and monitoring pipeline 

Implements mini-batch training, learning-rate scheduling, and early stopping based on validation performance, similar 
to experimental setups comparing model accuracy vs. iterations [2] [3] [14][18]. 
6. Evaluation and visualization module 

Provides quantitative metrics and visualization tools (activation maps, saliency) to inspect decision regions and compare 
with domain knowledge or human attention [9] [11]. 

 
V. FUTURE SCOPE 

1. Advanced architectures and hybrid models 

Expanding from CNNs to Vision Transformers, Swin-Transformers, Cross ViTs, and hybrid CNN- Transformer designs 
can improve performance on complex scenes and drone imagery [9] [4] [6][10] [12]. 
2. Efficient and automated design 

Further exploration of evolutionary algorithms and neural architecture search can produce compact, high-performing 

models suitable for edge devices and resource-constrained environments [4] [7] [18]. 
3. Improved interpretability and cognitive alignment 

Deeper analysis of how CNN and transformer features relate to human visual cognition may lead to more transparent 
and trustworthy classifiers, especially in safety-critical domains [9] [11]. 
 
 
4. Robustness, generalization, and few-shot learning  

Addressing adversarial vulnerability, domain shift, and scarce labels with improved regularization, self-supervised 
pretraining, and few-shot methods remains a key direction [9] [4][6] [11] [12]. 
5. Broader application domains 

Continued expansion into medical diagnostics, autonomous driving, remote sensing, industrial inspection, and video-
based recognition will leverage and stress-test deep models under diverse conditions [1] [9] [3] [4] [6] [12] [19]. 
 

VI. CONCLUSION 

Deep learning, particularly CNN-based approaches, has become the foundation of modern image classification, 

surpassing traditional machine learning by learning hierarchical features directly from data. Landmark architectures and 
training practices—data augmentation, transfer learning, regularization, and, more recently, automated architecture 
search and transformers—deliver state-of-the-art accuracy across many domains. Remaining challenges include data 
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requirements, computational cost, interpretability, and robustness, which drive active research into more efficient, 
explainable, and cognitively aligned models. 
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