
Abstract 

Transfer learning has emerged as a transformative paradigm in deep learning–based image 

processing, enabling effective knowledge reuse from large-scale pretrained models to domain-

specific tasks with limited labelled data. While training deep convolutional neural networks 

(CNNs) from scratch demands extensive computational resources and massive annotated datasets, 

transfer learning significantly reduces training time and improves generalization by leveraging 

previously learned feature representations. This paper presents a comprehensive review of transfer 

learning models for image processing applications. The research examines key transfer learning 

methods, such as feature extraction, fine-tuning, and domain adaptation, and offers a comparative 

assessment of popular pretrained models like VGG, ResNet, Inception, EfficientNet, and Vision 

Transformers. Furthermore, the paper examines major application domains including medical 

imaging, agriculture, remote sensing, and industrial inspection. Experimental trends and 

theoretical insights are discussed to highlight trade-offs between accuracy, computational 

complexity, and parameter efficiency. Despite its effectiveness, transfer learning faces challenges 

such as domain shift, model bias propagation, overfitting in small datasets, and limited 

interpretability. Emerging research directions including hybrid CNN–Transformer models, self-

supervised pretraining, lightweight deployment strategies, and federated transfer learning are also 

explored. The findings suggest that transfer learning remains a critical enabler for scalable and 

practical image processing systems, bridging the gap between large-scale deep learning research 

and real-world applications. 

UNDER P
EER R

EVIE
W

Transfer Learning Models for Image 

Processing: A Comprehensive Review and 

Comparative Analysis 



Index Terms: Transfer Learning, Deep Learning, Convolutional Neural Networks, Domain 

Adaptation, Vision Transformers, Image Processing, Pretrained Models. 

I. Introduction 

Over the last ten years, image processing has undergone significant changes, largely due to 

advancements in deep learning. Initially, computer vision systems depended on manually crafted 

feature extraction techniques like SIFT and HOG, which required specialized knowledge and often 

struggled with generalization. The advent of deep convolutional neural networks (CNNs) 

transformed the field by allowing for automatic hierarchical feature learning directly from 

unprocessed image data [1]. The exceptional performance of deep CNN models in large-scale 

visual recognition tasks, highlighted by AlexNet's success on the ImageNet dataset, showcased the 

advantages of data-driven representation learning over traditional methods [2]. Further 

architectural developments, including VGG [3], ResNet [4], Inception [5], and EfficientNet [6], 

enhanced both accuracy and computational efficiency, solidifying deep learning as the leading 

approach in image processing. 

Despite these advancements, training deep neural networks from scratch presents significant 

challenges. High-performing models typically require millions of labeled training samples and 

substantial computational resources, including high-end GPUs or distributed systems. In many 

real-world scenarios such as medical imaging, industrial inspection, and agricultural monitoring 

large annotated datasets are unavailable due to privacy concerns, data collection costs, or domain-

specific constraints. Moreover, training deep architectures from random initialization can lead to 

overfitting when datasets are small and may require extensive hyperparameter tuning to achieve 

stable convergence [8], [9]. These limitations hinder the practical deployment of deep learning 

models in specialized and resource-constrained environments. 

In response to these issues, transfer learning has become a highly effective and efficient solution. 

This approach allows a model that has been trained on a comprehensive source dataset (such as 

ImageNet) to apply its learned representations to a new task that has limited data [8]. By using 

pre-trained weights as a starting point, models can preserve low-level and mid-level features like 

edges, textures, and shapes, which helps to decrease training time and enhance generalization 
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performance. Research has demonstrated that transfer learning greatly improves classification 

accuracy in fields like medical image analysis [10], remote sensing, and industrial predictive 

systems. The success of reusing features and fine-tuning techniques has established transfer 

learning as a common practice in contemporary image processing workflows. 

Given the rapid evolution of architectures and training strategies, a comprehensive review of 

transfer learning models in image processing is both timely and necessary. While numerous studies 

focus on specific architectures or applications, there remains a need for an integrated analysis that 

compares transfer learning strategies, evaluates pre-trained models, and examines cross-domain 

applications. 

This review aims to achieve four main goals: (1) to examine key transfer learning methods such 

as feature extraction, fine-tuning, and domain adaptation; (2) to evaluate popular pre-trained 

models like “VGG, ResNet, Inception, EfficientNet, and Vision Transformers”; (3) to explore 

significant application areas including medical imaging, agriculture, remote sensing, and industrial 

inspection; and (4) to pinpoint current research gaps and future prospects in scalable, interpretable, 

and domain-adaptive transfer learning frameworks. 

II. Theoretical Background 

Transfer learning is officially described as the method of enhancing a target learning task by 

utilizing insights from a related source task [8]. In contrast to traditional machine learning, which 

presumes that both training and test data originate from the same feature space and distribution, 

transfer learning eases this assumption, allowing for the reuse of knowledge across different 

domains. 

A. Deep Learning in Image Processing 

Convolutional Neural Networks (CNNs) are essential components in contemporary image 

processing systems, forming the backbone of deep learning models. A typical CNN is composed 

of convolutional layers, activation functions, pooling layers, and fully connected layers [18]. The 

convolution operation is mathematically expressed as follows: 
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(𝐹 ∗ 𝑋)(𝑖, 𝑗) = ∑ ∑ 𝑋(𝑖 − 𝑚, 𝑗 − 𝑛)𝐹(𝑚, 𝑛)

𝑚
𝑛

 

where X represents the input image, F denotes the convolutional filter, and (i, j) indicates pixel 

position. This operation enables automatic learning of spatial features such as edges, textures, and 

shapes. 

The objective function for supervised deep learning is commonly defined as: 

𝐿(𝜃) =
1

𝑁
∑ 𝑙(𝑓(𝑥𝑖; 𝜃), 𝑦𝑖)

𝑁

𝑖=1

 

where: 

• θ represents model parameters, 

• xi denotes input samples, 

• yi denotes true labels, 

• ℓ(⋅) is the loss function (e.g., cross-entropy), 

• N is the number of training samples. 

Optimization is performed using “gradient-based algorithms” such as stochastic gradient descent 

(SGD) [1]. 

While CNN models like VGG [3], ResNet [4], and Inception [5] have reached cutting-edge 

performance levels, their training demands vast amounts of labeled data and significant 

computational power. 

B. Transfer Learning Framework 

Transfer learning introduces two domains: 

• Source domain: 

𝐷𝑠 = {(𝑥𝒊
𝒔, 𝑦𝒊

𝒔)} 
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• Target domain: 

𝐷𝑡 = {(𝑥𝒊
𝑡, 𝑦𝒊

𝑡)} 

The key objective is to improve performance on Dt using knowledge from Ds, especially when Dt 

contains limited labeled data [8]. 

Instead of initializing model parameters randomly, transfer learning initializes the target model 

parameters using pre-trained source parameters: 

θt= θs+ Δθ 

where: 

• θs are pretrained weights, 

• θt are adapted weights for the target task, 

• Δθ represents fine-tuning adjustments. 

This approach significantly reduces convergence time and mitigates overfitting in small datasets 

[9]. 

C. Types of Transfer Learning 

Transfer learning can be categorized into 3 primary types [8]: 

1. Inductive Transfer Learning: Although the source and target tasks are distinct, there is 

labeled data accessible within the target domain. 

2. Transductive Transfer Learning: While the tasks are alike, the fields they pertain to are 

distinct, such as natural images compared to medical images. 

3. Unsupervised Transfer Learning: There is no labeled data available in either the source 

or target domains, but representation learning is transferred. 

Recent advancements also incorporate self-supervised pretraining, where large unlabeled 

datasets are used to learn robust feature representations before fine-tuning on downstream tasks. 
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D. Knowledge Transfer Mechanisms 

Transfer learning primarily works because early CNN layers learn generic low-level features 

(edges, textures), while deeper layers capture task-specific semantics [9]. Studies have shown that 

transferring lower layers yields stable generalization performance, while fine-tuning higher layers 

improves domain-specific adaptation. 

Furthermore, residual connections in deep networks [4] improve gradient flow, enhancing 

transferability in very deep architectures. 

III. Transfer Learning Strategies 

Transfer learning strategies determine how knowledge from a source model is adapted to a target 

task. The choice of strategy depends on dataset size, domain similarity, and computational 

constraints. Broadly, transfer learning in image processing can be categorized into feature 

extraction, fine-tuning, domain adaptation, and self-supervised transfer learning approaches [8], 

[9]. 

A. Feature Extraction 

Feature extraction stands as the most straightforward and commonly used method in transfer 

learning. This technique involves keeping the convolutional base of a pretrained network, such as 

VGG [3] or ResNet [4], with its weights fixed, while retraining only the final classification layers 

on the new target dataset. 

Formally, let  fs(x;θs) represent the pretrained feature extractor. The target model output becomes: 

𝒚𝒕 = 𝒈(𝒇𝒔(𝒙; 𝜽𝒔); 𝜽𝒄) 

where: 

• θs are frozen source parameters, 

• θc are newly initialized classifier parameters. 
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This approach proves to be highly effective when dealing with a small dataset that closely 

resembles the source domain. By freezing the early layers of CNNs, which capture basic visual 

elements like edges and textures [9], the learned representations are retained, thereby minimizing 

the risk of overfitting. However, feature extraction may not perform optimally when domain 

differences are significant. 

B. Fine-Tuning 

Fine-tuning extends feature extraction by allowing selective retraining of higher layers. Instead of 

keeping all pretrained weights fixed, the top layers are unfrozen and updated using a smaller 

learning rate. This enables the model to adapt domain-specific features while retaining general 

representations. 

The parameter update rule during fine-tuning can be expressed as: 

𝜽𝒕
(𝒌+)

= 𝜽𝒕
(𝒌)

− 𝜼𝜵𝑳(𝜽𝒕) 

where: 

• η is the learning rate, 

• ∇L(θt) is the gradient of the loss function. 

Fine-tuning is especially effective when the target dataset is moderately sized and differs slightly 

from the source dataset. Residual architectures such as ResNet [4] demonstrate high transferability 

due to improved gradient flow. EfficientNet [6] further enhances adaptability through compound 

scaling of network dimensions. 

However, improper fine-tuning may lead to catastrophic forgetting, where previously learned 

representations degrade. Therefore, learning rate scheduling and regularization techniques are 

critical. 
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C. Domain Adaptation 

Domain adaptation addresses the scenario where source and target data distributions differ 

significantly. This problem, often referred to as domain shift, can degrade transfer learning 

performance [8]. 

Consider Ps(X,Y) as the source distribution and Pt(X,Y) as the target distribution. The goal of 

domain adaptation is to reduce: 

𝐷(𝑃𝑠(𝑋), 𝑃𝑡(𝑋)) 

where D represents a divergence metric such as Maximum Mean Discrepancy (MMD). 

Techniques include adversarial domain adaptation, feature alignment, and discrepancy 

minimization networks. Domain adaptation is crucial in applications such as medical imaging and 

remote sensing, where image characteristics vary substantially from natural images. 

D. Self-Supervised and Contrastive Transfer Learning 

Recent advancements incorporate self-supervised pretraining to enhance transferability. Instead of 

relying on labeled datasets, models are pretrained using surrogate tasks such as image patch 

prediction or contrastive learning. Vision Transformers (ViT) [7] and hybrid CNN-transformer 

models benefit significantly from large-scale pretraining. 

Contrastive learning seeks to enhance the resemblance between different augmented versions of 

the same image while reducing the resemblance between distinct images. 

𝐿𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡𝑖𝑣𝑒 = − 𝑙𝑜𝑔
exp(𝑠𝑖𝑚(𝑧𝑖𝑧𝑗) ∕ 𝑇)

∑ exp𝐾 (𝑠𝑖𝑚(𝑧𝑖𝑧𝑗) ∕ 𝑇)
 

where: 

• 𝑧𝑖 𝑧𝑗  are embeddings of positive pairs, 

• T is a temperature parameter. 
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Such approaches improve robustness and generalization across downstream image processing 

tasks. 

Overall, selecting an appropriate transfer learning strategy requires balancing computational cost, 

dataset size, and domain similarity. The next section reviews major pretrained architectures 

commonly used within these strategies. 

IV. Review of Pretrained Models for Transfer Learning 

Pretrained deep learning architectures form the backbone of transfer learning in image processing. 

These models are typically trained on large-scale datasets such as ImageNet and later adapted to 

domain-specific tasks. This section reviews widely used pretrained architectures, highlighting their 

architectural characteristics, transferability, strengths, and limitations. 

A. VGG Network 

The VGG architecture, proposed by Simonyan and Zisserman [3], is characterized by deep stacks 

of small (3  3) convolutional filters. The uniform architecture design simplifies implementation 

and makes it highly suitable for feature extraction in transfer learning scenarios. 

VGG16 is equipped with around 138 million parameters, making it computationally intensive yet 

highly effective for extracting layered visual features. The depth of VGG enables it to capture 

increasingly complex representations, from edges and textures to object-level semantics. 

Despite its strong representational capacity, VGG suffers from high memory consumption and 

slower inference time. In transfer learning, VGG is often used in feature extraction mode due to 

its stable low-level feature representations [9]. 

B. ResNet 

Residual Networks (ResNet), introduced by He et al. [4], tackled the issue of vanishing gradients 

by implementing residual connections. A residual block can be represented as: 

𝑦 = 𝐹(𝑥, 𝑊) + 𝑥 
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where: 

• x is the input, 

• F(x, W) is the residual mapping, 

• 𝑦 is the output. 

By using skip connections, gradients can pass directly through identity mappings, which facilitates 

the training of extremely deep networks (e.g., ResNet50, ResNet101). ResNet50 contains 

approximately 25 million parameters, significantly fewer than VGG, while achieving higher 

accuracy. 

ResNet demonstrates excellent transferability due to its stable gradient propagation and deep 

feature hierarchy. It is widely used in medical imaging, industrial inspection, and remote sensing 

applications. 

C. Inception Network 

The Inception architecture [5] introduced a multi-branch structure that applies different 

convolution filter sizes in parallel within the same layer. This allows the network to capture multi-

scale spatial features efficiently. 

The Inception module reduces computational cost through dimensionality reduction using (11) 

convolutions. InceptionV3 achieves strong performance with around 23 million parameters. 

For transfer learning tasks requiring multi-scale feature representation such as object detection and 

aerial image analysis—Inception-based models offer competitive performance with moderate 

computational complexity. 

D. EfficientNet 

EfficientNet [6] introduced a method for compound scaling that simultaneously adjusts the 

network's depth, width, and input resolution using a scaling coefficient. 𝜙: 

𝐷𝑒𝑝𝑡ℎ = 𝛼𝜙, 𝑊𝑖𝑑𝑡ℎ = 𝛽𝜙, 𝑅𝑒𝑠𝑜𝑙𝑢𝑎𝑡𝑖𝑜𝑛 = 𝛾𝜙 
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subject to: 

𝛼 ⋅ 𝛽𝑟 ⋅ 𝛾2 ≈ 2 

This method of systematic scaling delivers high accuracy with a reduced number of parameters 

compared to earlier models. For instance, EfficientNet-B0 has around 5.3 million parameters while 

still maintaining competitive accuracy. 

EfficientNet is particularly suitable for transfer learning in resource-constrained environments 

such as edge devices and embedded systems. 

E. Vision Transformers (ViT) 

Vision Transformers (ViT) represent a paradigm shift from convolution-based architectures to 

attention-based models [7]. Instead of applying convolution operations, ViT divides an image into 

patches and processes them as sequences using a transformer encoder. 

The self-attention mechanism can be expressed as: 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑𝑘

) 𝑉 

where: 

• Q, K, and V denote query, key, and value matrices, 

• dk is the scaling factor. 

ViT models achieve superior performance when pretrained on large-scale datasets. However, they 

require extensive data for effective training and may not outperform CNNs in small-data regimes 

without strong pretraining. 

F. Comparative Analysis 

Table I presents a comparative summary of major pretrained models used in transfer learning. 
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Table I: Comparison of Pretrained Models 

Model Parameters (M) Key Strength Limitation 

VGG16 138 Strong hierarchical features Large size 

ResNet50 25 Residual learning Moderate complexity 

InceptionV3 23 Multi-scale processing Architectural complexity 

EfficientNet-B0 5.3 High efficiency Scaling sensitivity 

ViT 86+ Global attention modeling Data intensive 

ResNet and EfficientNet offer the best trade-off between performance and efficiency, making them 

popular choices in practical transfer learning scenarios. 

V. Applications of Transfer Learning in Image Processing 

Transfer learning has significantly expanded the practical deployment of deep learning models 

across diverse image processing domains. By leveraging pretrained architectures such as ResNet 

[4], EfficientNet [6], and Vision Transformers [7], researchers can achieve high accuracy even 

with limited labeled data. This section reviews major application domains where transfer learning 

has demonstrated substantial impact. 

A. Medical Imaging 

Medical image analysis is one of the most prominent beneficiaries of transfer learning. Datasets in 

radiology, histopathology, and MRI imaging are often limited due to privacy constraints and 

annotation complexity. Transfer learning enables pretrained CNN models to extract generalized 

visual features and adapt them to disease-specific classification tasks [10], [19]. 

For instance, fine-tuned ResNet and VGG models have been widely used for tumor detection and 

pneumonia classification. Since early convolutional layers capture universal features such as edges 

and textures, they can be reused effectively for medical imaging tasks. Fine-tuning higher layers 

allows domain-specific feature adaptation, significantly improving classification accuracy 

compared to training from scratch. 
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Moreover, transfer learning reduces computational costs and accelerates convergence, making it 

practical for hospital-based diagnostic systems. 

B. Agricultural Monitoring and UAV-Based Imaging 

Precision agriculture increasingly relies on image processing techniques for crop health monitoring 

and disease detection. UAV-based imaging systems generate aerial data that differs from natural 

image datasets. Transfer learning bridges this gap by adapting pretrained CNN models to 

agricultural domains.Recent implementations have shown that fine-tuned deep learning models 

can detect crop diseases with high accuracy, even when training datasets are relatively small. 

Transfer learning enhances robustness to environmental variations such as lighting, shadows, and 

background noise. In UAV-based crop disease detection frameworks, pretrained architectures 

provide strong feature representations that improve classification reliability in real-world 

conditions [16]. 

Such applications demonstrate the adaptability of transfer learning in domain-shift scenarios. 

C. Industrial Inspection and Predictive Maintenance 

Industrial image processing tasks include surface defect detection, anomaly identification, and 

predictive maintenance analysis. Industrial datasets often contain imbalanced or limited samples 

of defective components, making traditional deep learning approaches prone to overfitting. 

Transfer learning improves defect detection accuracy by leveraging pretrained visual 

representations. Fine-tuned CNN models can identify micro-cracks, surface irregularities, and 

structural defects with high precision. Additionally, in predictive maintenance systems, transfer 

learning assists in integrating visual inspection with machine learning-based monitoring systems. 

Residual networks [4] and EfficientNet models [6] are commonly adopted in such environments 

due to their balanced trade-off between performance and computational efficiency. 
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D. Remote Sensing and Satellite Imagery 

Remote sensing involves processing large-scale satellite or aerial imagery for applications such as 

land classification, environmental monitoring, and urban planning. The spectral and spatial 

characteristics of satellite images differ significantly from natural images. Domain adaptation 

techniques [8] are therefore critical. 

Transfer learning allows pretrained CNNs to adapt to multi-spectral datasets by fine-tuning higher 

layers. Multi-scale architectures such as Inception [5] are particularly effective in capturing spatial 

hierarchies within remote sensing images. These approaches significantly reduce the need for large 

annotated remote sensing datasets. 

E. Surveillance and Intelligent Vision Systems 

Face recognition, object detection, and smart surveillance systems rely heavily on transfer learning 

frameworks. Pretrained deep models accelerate training and improve generalization across diverse 

environments. Vision Transformers [7] have recently gained attention for their ability to model 

long-range dependencies in complex scenes. 

In surveillance systems, transfer learning enhances object recognition accuracy while maintaining 

real-time performance constraints. EfficientNet-based models [6] are especially suitable for 

deployment in embedded devices and edge computing systems. 

F. Summary of Application Domains 

The versatility of transfer learning lies in its ability to generalize across domains while minimizing 

data and computational requirements. Table II summarizes major application areas and commonly 

used architectures. 

Table II: Application Domains and Preferred Models 

Domain Common Models Key Advantage 

Medical Imaging ResNet, VGG 
Improved diagnostic 

accuracy 

Agriculture ResNet, EfficientNet 
Robust crop disease 

detection 
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Industrial Inspection ResNet, EfficientNet 
Accurate defect 

detection 

Remote Sensing Inception, ResNet 
Multi-scale feature 

extraction 

Surveillance EfficientNet, ViT 
Real-time intelligent 

monitoring 

 

VI. Experimental Comparison and Graphical Analysis 

Evaluating transfer learning models requires analyzing both predictive performance and 

computational efficiency. While deeper architectures generally achieve higher accuracy, they often 

demand increased memory and processing resources. Therefore, selecting an optimal model 

involves balancing accuracy, parameter size, and inference speed. 

Let classification accuracy be defined as: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

where: 

• TP = True Positives 

• TN = True Negatives 

• FP = False Positives 

• FN = False Negatives 

Performance comparisons across pretrained models such as VGG [3], ResNet [4], Inception [5], 

EfficientNet [6], and Vision Transformers [7] reveal important trade-offs. Empirical results 

reported in large-scale visual recognition tasks indicate that residual-based architectures 

outperform traditional sequential CNNs in both stability and transferability [4]. EfficientNet 

further improves parameter efficiency through compound scaling [6], achieving competitive 

accuracy with significantly fewer parameters. 

From a graphical analysis perspective, bar charts comparing top-1 accuracy demonstrate that 

transformer-based models typically achieve the highest accuracy when pretrained on sufficiently 
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large datasets [7]. However, line graphs comparing parameter counts reveal that models such as 

VGG require substantially more parameters than EfficientNet while providing only marginal 

accuracy gains. This suggests diminishing returns in extremely large CNN architectures when 

applied to small target datasets[20]. 

Another critical factor is computational complexity. The theoretical time complexity of 

convolution operations can be approximated as: 

𝑂(𝑁 ⋅ 𝐷2 ⋅ 𝑘2 ⋅ 𝐶) 

where: 

• N = number of filters 

• D = spatial dimension 

• K = kernel size 

• C = input channels 

Transformer-based models introduce self-attention complexity proportional to: 

𝑂(𝑛2 ⋅ 𝑑) 

where: 

• n = number of image patches 

• d = embedding dimension 

Thus, while Vision Transformers provide strong global context modeling, they may be 

computationally expensive for high-resolution inputs. 

Overall, comparative analysis indicates that ResNet and EfficientNet provide the most practical 

trade-off between accuracy and computational efficiency in transfer learning applications. Model 

selection should therefore be guided by dataset size, domain similarity, and deployment 

constraints. 
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VII. Challenges and Limitations 

Despite its effectiveness, transfer learning in image processing faces several critical challenges 

that limit its universal applicability. One of the primary concerns is domain shift, where the source 

and target data distributions differ significantly. When P(X,Y) ≠Pt(X,Y), pretrained features may 

not generalize effectively, leading to degraded performance [8]. This issue is particularly 

prominent in medical imaging and remote sensing, where image characteristics differ substantially 

from natural image datasets used for pretraining. 

Another major limitation is overfitting in small target datasets. Although transfer learning 

reduces the amount of required data, fine-tuning deep networks on very limited samples can still 

cause overfitting. In such cases, improper hyperparameter tuning or excessive layer unfreezing 

may distort previously learned representations [9]. Regularization techniques and careful learning 

rate scheduling are therefore essential. 

Model bias transfer is another emerging concern. Since pretrained models are trained on large-

scale datasets such as ImageNet, they may inherit dataset-specific biases. These biases can 

propagate into downstream applications, potentially affecting fairness and reliability in sensitive 

domains such as healthcare or surveillance systems. 

Computational complexity also remains a practical challenge. While EfficientNet [6] reduces 

parameter size, large architectures such as Vision Transformers [7] demand significant memory 

and processing resources, particularly due to the quadratic complexity of self-attention 

mechanisms. This limits deployment in resource-constrained environments such as edge devices 

and embedded systems. 

Furthermore, lack of interpretability presents difficulties in high-stakes applications. Deep 

transfer learning models often function as black boxes, making it difficult to explain predictions. 

Explainable AI (XAI) techniques are therefore necessary to improve transparency and trust. 

Finally, catastrophic forgetting may occur during aggressive fine-tuning, where the model loses 

previously learned generalized features [4]. Balancing knowledge retention and domain adaptation 

remains an open research challenge. 
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Addressing these limitations is essential for advancing scalable, reliable, and interpretable transfer 

learning systems. 

VIII. Future Research Directions 

As transfer learning progresses, several promising research avenues are emerging to tackle current 

limitations and improve model adaptability in image processing tasks. A notable advancement is 

the creation of hybrid CNN–Transformer architectures, which merge the local feature 

extraction capabilities of convolutional networks with the global context modeling of self-attention 

mechanisms [7]. These hybrid models strive to achieve a balance between computational 

efficiency and high representational power. 

Another important direction is self-supervised and foundation model pretraining. Large-scale 

pretraining using unlabeled data enables models to learn more generalized representations before 

fine-tuning on downstream tasks. Contrastive learning frameworks and masked image modeling 

approaches have shown improved robustness and transferability across diverse domains. 

Expanding these approaches to domain-specific pretraining (e.g., medical or satellite imagery) 

may further reduce domain shift problems [8]. 

Lightweight transfer learning for edge computing is also gaining attention. Although 

architectures like EfficientNet [6] provide improved parameter efficiency, future research should 

focus on pruning, quantization, and knowledge distillation techniques to deploy models on low-

power devices without significant accuracy degradation. 

Another promising area is explainable transfer learning, where interpretability mechanisms such 

as Grad-CAM, saliency maps, and attention visualization techniques are integrated into pretrained 

models. Improving transparency is particularly critical in healthcare and surveillance systems[17]. 

Additionally, federated transfer learning offers potential for privacy-preserving model 

adaptation. In this approach, knowledge is transferred across decentralized data sources without 

directly sharing sensitive data, thereby improving security and compliance with regulatory 

frameworks. 
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Finally, automated transfer learning through AutoML-based fine-tuning optimization may 

simplify model adaptation by automatically selecting optimal layers for retraining and tuning 

hyperparameters. 

Collectively, these research directions aim to improve generalization, scalability, interpretability, 

and deployment efficiency in future transfer learning systems. 

IX. Conclusion 

Transfer learning has become a fundamental technique in modern image processing, enabling 

efficient knowledge reuse from large-scale pretrained models to domain-specific tasks with limited 

labeled data. This review analyzed the evolution of deep learning architectures, highlighted the 

limitations of training models from scratch, and discussed how transfer learning addresses data 

scarcity and computational constraints. Major strategies including feature extraction, fine-tuning, 

and domain adaptation were examined, along with comparative analysis of widely used pretrained 

architectures such as VGG, ResNet, Inception, EfficientNet, and Vision Transformers. 

The comparative evaluation demonstrated that residual-based and compound-scaled networks 

offer strong trade-offs between accuracy and computational efficiency, while transformer-based 

models provide superior global representation capabilities when supported by sufficient 

pretraining data. However, challenges such as domain shift, computational complexity, model bias 

transfer, and lack of interpretability remain significant concerns. 

Future research directions emphasize hybrid architectures, self-supervised pretraining, lightweight 

deployment strategies, explainable AI integration, and federated learning frameworks. Addressing 

these areas will improve scalability, robustness, and ethical deployment of transfer learning 

systems. 

In conclusion, transfer learning continues to bridge the gap between large-scale deep learning 

research and practical real-world image processing applications. Its adaptability and efficiency 

ensure its central role in the next generation of intelligent visual systems. 
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