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1 |Introduction 

Image classification, a fundamental task in computer vision, is to automatically assign a semantic label to an 

image from a predefined set of categories, which is a crucial step for machines to understand the visual world 

and is also the foundation for numerous advanced applications [1]. The field of image classification has 

witnessed a revolutionary change from traditional machine learning techniques based on hand-crafted features 

to deep learning approaches that learn hierarchical representations from data over the last decade [2], because 

the revolution was mainly driven by the unprecedented success of Convolutional Neural Networks (CNNs), 

which have consistently produced state-of-the-art performance on various benchmarks. The rapid 
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Image classification is a fundamental problem in the field of computer vision and involves assigning a label to an 

image based on its content. In this paper, we survey both traditional machine learning-based image classification 

methods and deep learning-based image classification methods, specifically, we review two deep learning-based 

image classification methods: a convolutional neural network (CNN) method and a pre-trained CNN-based transfer 

learning method for image classification. We first briefly review traditional machine learning-based image 

classification methods and then deep learning-based image classification methods, discussing both the feature 

extraction methods and the classification methods used in the deep learning-based methods. We discuss several 

deep neural network architectures for image classification, including LeNet, AlexNet, VGGNet, GoogleNet, 

ResNet, and DenseNet, and finally, we conclude with a discussion on the applications of image classification and 

compare the different methods based on various factors both qualitatively and quantitatively, and present our 

experimental results, while also summarizing various methods of data augmentation, batch normalization, and 

regularization by dropout. We introduce techniques for practical training of deep networks, and discuss fine-tuning, 

pruning, and model quantization for efficient inference of trained neural networks, and finally, we introduce and 

discuss the runtime engines for the deployment of trained neural networks for efficient inference. 
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development of deep learning architectures and training methods further solidifies their position as the 

dominating paradigm for image classification [2, 3], and from 2020 to 2025, image classification is still being 

pushed to the limit by several recent breakthroughs. Researchers are studying more efficient and robust 

architectures, such as Vision Transformers (ViTs) and its variants, which achieve competitive or even better 

performance than CNNs on large-scale benchmarks [4], while there is an increasing interest in improving the 

efficiency of high-resolution image processing and developing models that can be easily deployed on resource-

constrained embedded devices [4, 5], which is of great importance for many real-world applications where 

computational resources and power consumption are of great concern. Furthermore, the emergence of 

generative artificial intelligence also brings new opportunities for data augmentation and synthetic data 

generation, which may help address the challenge of insufficient labeled data in many domains [5]. 

The applications of advanced image classification are expanding at an unparalleled rate and profoundly affect 

several domains, because deep learning models are being developed for the automatic detection and 

classification of diseases from medical images, such as tumour in MRI images or skin diseases in photographs 

[5, 6]. Image classification is a key component of a wide range of real-world applications, including agricultural 

monitoring, and it can be used to provide crop health monitoring, disease detection, yield prediction, and 

many other valuable insights to farmers to manage fields, make better crop management decisions, and 

allocate resources more effectively. Image classification also plays a critical role in the automotive industry 

because it is used to enable autonomous driving, which is an important step in image understanding, enabling 

vehicles to perceive the environment, including pedestrians, cars, and lanes, and navigate roads safely and 

efficiently. Additionally, image classification is used in digital art and cultural heritage preservation, which 

involves a large number of images that need to be organised, annotated, and classified in order to be preserved 

and passed on to future generations [7]. This paper gives an overview of the state-of-the-art deep learning 

techniques for image classification, specifically, it covers traditional methods, hand-crafted features and 

modern deep learning approaches that learn features from raw data. It also covers model design, training and 

evaluation in addition to giving an overview of the current research status in image classification, and more 

specifically, this paper compares and discusses the performance, computational cost, robustness and their 

trade-offs among different models on standard benchmark datasets to highlight their advantages and 

disadvantages. Moreover, the main open challenges of image classification are identified and future research 

directions are pointed out with an emphasis on scalability, robustness, and real-world deployment, which are 

crucial for practical image classification systems. The rest of the paper is organized as follows: Section 2 gives 

the background, Section 3 describes the methodology, Section 4 describes the experimental setup, Section 5 

presents the results and Section 6 discusses the results. 

2|Background and Related Work 

The development of image classification can be divided into two eras: pre-deep learning era and deep learning 

era. 

2.1 |Traditional Machine Learning Approaches 

Prior to the emergence of deep learning, image classification typically involved three distinct stages: The first 

step involved extracting features from images using techniques such as SIFT, HOG, and LBP, and next, these 

features were aggregated into a single vector using methods such as BoVW or Fisher Vectors. Finally, SVMs 

or Random Forests were employed to classify the images based on their aggregated feature representations, 

because this approach allowed for a more straightforward and interpretable classification process. While this 

approach achieved reasonable success in certain scenarios, it often struggled when dealing with cluttered and 

unstructured real-world images, thus highlighting the limitations of traditional image classification methods. 

2.2|The Deep Learning Revolution 
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The breakthrough of image classification was enabled by the great success of AlexNet in the ImageNet Large 

Scale Visual Recognition Challenge (ILSVRC) , which illustrated the power of deep CNNs for large-scale 

visual recognition, and AlexNet proved that by stacking multiple convolutional layers with non-linear 

activations (e.g. ReLU) and pooling operations, the model is able to automatically learn highly discriminative 

features directly from raw pixels, and outperform traditional hand-crafted approaches by a large margin. 

Following this breakthrough, deeper architectures were proposed to further improve the performance either 

by going deeper [2], or redesigning network topologies [7, 8], for instance, VGGNet  showed the importance 

of depth by stacking a small set of 3 × 3 convolutional filters, which gradually increases the receptive field 

while keeping the architecture conceptually simple, and ResNet  proposed residual connections to address 

the vanishing gradient problem when training very deep networks, and set a new standard for image 

classification accuracy. Recently, DenseNet  was proposed to exploit feature reuse by connecting each layer 

to every other layer in a feedforward fashion, which leads to improved parameter efficiency and gradient flow, 

and EfficientNet [8, 9] proposed a principled way to scale up CNNs in all dimensions (i.e., depth, width, and 

input resolution) to achieve strong accuracy–efficiency trade-offs. 

Another line of work are the Transformer-based models [10] that build on self-attention to model the long-

range, global dependencies in images more explicitly than traditional convolutional architectures, and the 

image classification in 2020 and 2025 has moved towards the specialized, efficient and hybrid architectures. 

Li et al. [11] presented a comprehensive survey of deep transfer learning, which highlighted the feasibility of 

using pre-trained models in domains with limited labeled data, and thereby reducing the annotation cost and 

training time, and Anumol [12] summarized the recent advancements in CNN architectures, and identified a 

trend towards designing lightweight, computationally efficient models that can support real-time inference on 

practical hardware. In the meantime, self-attention has been integrated into the popular Vision Transformers 

(ViTs), and Wang et al. [13] presented a comparative survey that showed ViTs can outperform CNNs on 

mainstream benchmarks if large-scale training datasets and proper regularization are employed. To overcome 

the challenge of ViTs in modeling fine-grained local patterns, Khan et al. [14] introduced Hybrid Vision 

Transformers (HVTs), which integrate convolutional layers with Transformer blocks, achieving the best of 

both worlds, by using the strengths of CNNs in local feature extraction and of the Transformer in modelling 

global context, and the deployment of these advanced models in specialized domains further illustrates their 

broad applicability and effectiveness. 

Xu et al. [15] proposed a deep classification framework that explicitly exploits prior feature diversity, which 

has improved generalization capability on complex and heterogeneous visual patterns, and in the medical 

imaging area, Kathuria and Joshi [16] reviewed recent advances in brain tumor detection and found that 

hybrid CNN-Transformer architectures are becoming the new state-of-the-art, with high precision and 

robustness for clinical decision support, while Hazim and Gunawan [17] evaluated various CNN architectures 

for pneumonia detection from chest radiographs and examined the trade-offs between model complexity, 

inference speed and diagnostic accuracy. For high-resolution images, Bakhtiarnia et al. [18] surveyed efficient 

deep learning solutions that achieve comparable classification performance while largely reducing memory 

consumption and computational cost, a crucial requirement for large-scale and real-time systems, and on the 

deployment side, Moreira et al. [7] investigated the execution of image classification models on embedded 

and edge devices, and highlighted various optimization techniques (e.g. pruning, quantization, and hardware-

aware architecture design) for resource-constrained platforms. Zhang et al. [10] Moreover, the authors also 

showed that recent deep CNNs can also produce high-quality performance in digital art classification, because 

they can be applied to the cultural and creative domains, in addition to the traditional computer vision tasks. 

3|Methodology 

The methodology for modern image classification involves a synergy between architectural design and 

rigorous training protocols. 
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3.1|Convolutional Neural Networks (CNNs) 
CNNs are inspired by the human visual system and early layers capture simple shapes such as edges, corners, 

and blobs. Later layers combine these into larger shapes, object components, and concepts, therefore, the 

network is able to learn complex patterns. Typically, the network begins with several feature extraction layers 

followed by one or more output layers that make the final prediction, thus, the output layers play a crucial 

role in the network's performance. Figure 1 illustrates the typical architecture of a novel image classification 

network, so, it provides a clear understanding of how the network is structured. The network processes an 

input image through to its predicted label, because, this is the primary function of the network. 

 
Figure 1. End-to-End Image Classification Pipeline. 

 

Furthermore, knowing the structure of a typical CNN block is also really helpful to understand how features 

get transformed at each stage, and Figure 2 shows the components of a typical convolutional block, including 

batch normalization and activation functions that together help stabilize training and allow the model to learn 

more expressive feature representations. 

 
Figure 2. CNN Block Structure. 

3.2|Training Strategies and Transfer Learning 
Deep models require large amounts of data and computational resources to train, and transfer learning 

mitigates this problem. In transfer learning, we first train a deep model on a large dataset (e.g., ImageNet), 

and we then leverage this model for our task of interest. This approach saves time compared to training from 

scratch, and is effective even with small, specialized datasets, because it allows us to build upon the knowledge 
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the model has already acquired. Figure 3 illustrates this process, and we have a pre-trained backbone network 

and a novel classification head. We train both on our task, so we can fine-tune the pre-trained model to fit 

our specific needs. 

 

Figure 3. Transfer Learning Workflow. 

The entire training process is iterative, spanning a number of epochs where each epoch contains a forward 

pass and a backward pass through the network, and it includes validation steps and model checkpointing, as 

shown in Figure 4, which illustrates the standard training loop structure. 

 
Figure 4. Training Loop Logic. 
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4|Experimental Setup 
To evaluate the efficacy of different classification models, a standardized experimental setup is required, 

encompassing diverse datasets and consistent hyperparameters. 

4.1|Datasets 
Dataset selection is a key architectural choice that influences the complexity, variability, and subject matter of 

the classification problem, and Table 1 summarizes the most common benchmark datasets used in the 

literature ranging from basic handwritten digit classification to challenging real-world natural image 

classification. After the dataset is selected, the training procedure is carried out iteratively across multiple 

epochs through repeated forward and backward passes, therefore the pseudocode for the typical training loop 

with validation and model checkpointing is shown in Figure 4. 

Table 1. Summary of Benchmark Datasets for Image Classification. 

Dataset Images 
Image 

Size 
Channels Classes Characteristics 

MNIST 70,000 28×28 1 10 Handwritten digits; basic benchmark 

Fashion-

MNIST 
70,000 28×28 1 10 

Clothing items; higher complexity than 

MNIST 

CIFAR-10 60,000 32×32 3 10 Natural images; balanced classes 

CIFAR-100 60,000 32×32 3 100 Fine-grained classification; high difficulty 

ImageNet 1.2M+ Varies 3 1000 Large-scale; industry standard 

 

4.2|Configuration and Hyperparameters 
Deep learning models are highly sensitive to the selection of hyperparameters, and in Table 2 we provide the 

training configuration used in our comparative experiments, which were selected for stable convergence and 

to aid reproducibility of results. 

 

Table 2. Standard Training Configuration and Hyperparameters. 

Component Setting 

Framework PyTorch / TensorFlow 

Batch Size 128 

Optimizer SGD with Momentum (0.9) 

Initial Learning Rate 0.1 

LR Schedule Cosine Annealing 

Weight Decay 1e-4 

Epochs 200 

Augmentation Random Crop, Horizontal Flip, Normalization 

Loss Function Cross-Entropy 

5|Results and Discussion 
This section presents a comparative analysis of various model architectures and the impact of different 

training strategies. 

5.1 |Model Performance Comparison 
Different architectures offer varying trade-offs between accuracy and computational cost. Table 3 compares 

several prominent models on the CIFAR-10 dataset, illustrating the evolution from standard ResNets to more 

efficient scaling models. 
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Table 3. Performance Comparison of Model Architectures (CIFAR-10). 

Model Parameters (M) Top-1 Accuracy (%) Key Innovation 

ResNet-18 11.2 ≈95.0 Residual learning baseline 

ResNet-50 25.6 ≈95.5 Increased depth for complex features 

DenseNet-121 8.0 ≈96.0 Dense feature reuse 

EfficientNet-B0 5.3 ≈96.3 Compound scaling efficiency 

 

5.2 |Impact of Transfer Learning and Augmentation 
The strategy for adapting a model to a new domain significantly influences the final outcome. Table 4 

summarizes different transfer learning settings and their recommended use cases based on dataset size. 

Table 4. Transfer Learning Strategies and Use Cases. 

Strategy Convergence Performance (Small Data) Recommended Application 

Train from Scratch Slow Low Extremely large, domain-specific data 

Fine-tune All Layers Medium High Moderate data; similar domain 

Freeze Backbone Fast Moderate Very small data; rapid prototyping 

 

Furthermore, data augmentation plays a crucial role in preventing overfitting and improving generalization. 

Table 5 presents an ablation study showing the incremental gains achieved by various augmentation 

techniques. 

Table 5. Impact of Data Augmentation on Classification Accuracy. 

Augmentation Technique Top-1 Accuracy (%) Observation 

None (Baseline) ≈88–90 Rapid overfitting 

Flip + Random Crop ≈92–94 Significant gain for natural images 

+ Color Jitter/Rotation ≈94–95 Improved spatial/color invariance 

+ Mixup/CutMix ≈95–96 Enhanced regularization and robustness 

 

6|Conclusion 

The field of image classification has undergone a significant paradigm shift since the times of hand-crafted 

feature extraction because the advent of deep representation learning has enabled image classification models 

to be learned automatically. Despite this, CNNs still remain the backbone of almost every real-world system, 

however, it has become increasingly clear that the performance of these models has been pushed to near-

human levels only through carefully improving scaling strategies, transfer learning, and data augmentation 

techniques. Our work provides very strong evidence that it is not the architectural depth alone that results in 

strong image classification performance, but a holistic approach to learning image representations - high-

quality data, a well-designed training strategy, and a rigorous and careful evaluation protocol. Consequently, 

moving forward, we expect future work to focus on self-supervised learning, and on developing image 

classification models that are efficient enough to be deployed on resource-constrained edge devices. 
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