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Abstract: Transfer learning and continual learning are pivotal methodologies in current artificial intelligence, offering 

solutions to enhance computer vision systems. Transfer learning utilizes pretrained models to perform specific tasks 

efficiently with limited data, while continual learning allows systems to learn new tasks incrementally without forgetting 

prior knowledge. Vision Transformers (ViTs), leveraging attention mechanisms, have significantly advanced feature 

representation and task performance in image classification and object detection, outperforming traditional convolutional 

networks. Despite these advancements, challenges like domain adaptation and catastrophic forgetting remain critical to 

solve. This paper reviews techniques including fine-tuning, Elastic Weight Consolidation (EWC), and selfsupervised 

learning, highlighting their applications in fields such as autonomous driving and medical imaging that are closely related 

to computer vision. It identifies research gaps and provides insights into creating scalable and robust computer vision 

solutions. 
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I. INTRODUCTION 

 

Over the last decade, significant developments have 

been made in the fields of transfer learning and continual 

learning, as both of them are essential for enhancing 

computer vision applications. Transfer learning enables 

models to utilize knowledge acquired from large-scale 

pretrained networks and datasets to solve specific tasks even 

with limited datasets, while continual learning equips models 

to acquire knowledge on new tasks progressively without 
compromising their existing knowledge. These 

methodologies are relevant for addressing the complexities of 

dynamic real-world applications such as autonomous driving, 

medical imaging, and industrial inspection. This survey aims 

to sum up the latest advancements in both transfer and 

continual learning, their integration, and their transformative 

impact on the territory of computer vision. 

 

One of the most pressing challenges is domain 

adaptation, where models must generalize effectively from a 

source domain to a target domain with different 
characteristics. Although transfer learning has improved this 

issue through strategies such as fine-tuning and feature reuse, 

domain shifts continue to pose significant challenges, 

particularly in specialized areas like medical imaging or 

remote sensing [1]. Continual learning on the contrary, faces 

the problem of catastrophic forgetting, where models may 

lose the knowledge to perform previously learned tasks when 

learning new knowledge. This becomes critical in rapidly 

evolving environments, like robotics, where systems must 

continuously adapt to new tasks while remembering their 

previous learning [2]. 

 

The researchers have introduced several innovative 

solutions to address these challenges. In the space of transfer 

learning, techniques such as domain adversarial neural 

networks (DANNs) and self-supervised learning 

frameworks, including SimCLR and MoCo, have shown 

great potential in enhancing domain generalization [3]. In 
continual learning, methods like Elastic Weight 

Consolidation (EWC) and experience replay work to reduce 

forgetting by safeguarding the critical parameters and 

revisiting prior tasks during training [4]. Notably, the 

hybridization of these two approaches is gaining traction, as 

it joins the strengths of both transfer and continual learning 

to develop more robust and adaptive computer vision models. 

 

This survey will deliver a thorough review of recent 

advancements, emphasizing the application of these 

methodologies across various domains, such as autonomous 
driving, medical image analysis, remote sensing, and 

surveillance systems. By analyzing the latest research from 

the last decade, this survey aims to find existing gaps and 

emerging trends in the integration of transfer and continual 

learning. It will also address challenges like computational 

efficiency and data scarcity, which must be cleared to 

enhance the applicability of these techniques in real-world 

scenarios [5]. 
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In the research phase, a broad literature review will be 
undertaken, focusing on publications from top conferences 

and journals over the past ten years. Key frameworks and 

algorithms will be categorized, and compared regarding their 

performance across diverse tasks and domains. The ultimate 

goal is to offer insights into the future of transfer and 

continual learning, spotlighting potential breakthroughs that 

could facilitate the development of more efficient computer 

vision systems. 

 

II. LITERATURE REVIEW 

 
Transfer learning has significantly increased the 

adaptability and efficiency of machine learning and deep 

learning models by leveraging knowledge from pre-trained 

models. Zhuang et al. [1] highlight the core methodologies of 

transfer learning, including fine-tuning and feature 

extraction, which have enabled models to perform well on 

target tasks with limited data. These methods are particularly 

impactful in fields like medical imaging, where labelled data 

is scarce, and models must generalize across diverse datasets. 

Despite its advantages, challenges such as domain shifts and 

overfitting remain. Ganin et al. [5] propose Domain-

Adversarial Neural Networks (DANNs) to address domain 
shifts by aligning feature distributions across source and 

target domains, thereby enhancing generalization. This 

method has shown significant success in applications such as 

autonomous driving and industrial inspection, where domain 

adaptation is critical. 

 

Continual learning aims to address the limitations of 

traditional static training approaches by enabling models to 

learn sequential tasks without forgetting prior knowledge. 

Wang et al. [2] explore various methodologies to mitigate 

catastrophic forgetting, a key challenge in this paradigm. 
Elastic Weight Consolidation (EWC), introduced by 

Kirkpatrick et al. [4], penalizes changes to important 

parameters identified during earlier tasks, preserving critical 

information. Fayek et al. [7] extend this approach through 

progressive learning, which dynamically adjusts the model’s 

capacity to accommodate new tasks while retaining past 

knowledge. These methods often involve trade-offs between 

computational scalability and efficiency, particularly in 

highscale applications like robotics, embedded, and 

autonomous systems. 

Recent advancements in Vision Transformers (ViTs) 
have restructured computer vision techniques entirely by 

utilizing attention mechanisms to model global dependencies 

in image data. Unlike traditional convolutional neural 

networks (CNNs), which rely on localized filters, ViTs 

process images as sequences of patches, capturing contextual 

relationships more effectively. Parvaiz et al. [8] demonstrate 

that ViTs outperform CNNs in tasks like image classification 

and object detection, particularly in domains requiring high 

interpretability, such as medical imaging. Furthermore, Zhou 

et al. [10] investigate adaptive ViT architectures that optimize 

parameter utilization for specific tasks, enhancing 
performance without significant computational overhead. 

While ViTs have established a new benchmark in computer 

vision, their reliance on large datasets for pretraining remains 

a notable limitation, prompting research into more efficient 

training techniques. 

 

 Overview 

 

 Importance of Transfer and Continual Learning 

Transfer Learning and Continual Learning have 

become crucial paradigms in AI and ML due to their ability 

to solve problems with limited training data and resources. 
Transfer Learning enables a model trained on one task to be 

used again for another related task, saving computational 

resources and most importantly time. For instance, models 

trained on large datasets like ImageNet can be fine-tuned for 

specific tasks like medical image classification, helping 

healthcare practitioners to use high-quality models despite 

having fewer labelled images for their domain. Continual 

Learning, on the other hand, allows models to increase their 

knowledge over time without forgetting previously learned 

tasks. This is particularly useful in robotics, where an 

autonomous robot can learn new skills or adapt to new 
environments without forgetting prior tasks, such as 

navigation or object recognition. These paradigms are critical 

in fields like autonomous vehicles, where continuous 

learning of new road conditions, weather, and driving 

scenarios is necessary for safe operations. Both methods push 

AI toward more flexible, adaptable systems capable of 

lifelong learning, essential for creating intelligent systems 

that can evolve with changing environments. 
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Fig 1 Architecture of Continual Learning 

 

 
Fig 2 Architecture of Transfer Learning 

 

 Catastrophic Forgetting 

Catastrophic forgetting refers to the phenomenon where 

a neural network, forgets the earlier tasks after learning to do 

a newer task. This issue comes when a model is trained 

continuously on various datasets or tasks, causing the 

network to overwrite the knowledge gained from earlier 

tasks. As a result, the model's performance on previously 

learned tasks decreases or may fully forget it. This problem 

especially occurs in continual learning scenarios, where the 

model must adapt to new information without losing 

proficiency on prior knowledge, making it a significant 

challenge in developing lifelong learning systems. 

 

 Elastic Weight Consolidation (EWC): 

Elastic Weight Consolidation is a popular technique 

used to overcome catastrophic forgetting phenomenon in 

continual learning. The main idea behind Elastic Weight 

Consolidation is to penalize large changes in weights that are 

essential for previously learned tasks while allowing 

flexibility for new learning. This is achieved by introducing 

a regularisation term based on the Fisher information matrix, 

https://doi.org/10.38124/ijisrt/26mar843
http://www.ijisrt.com/


Volume 11, Issue 3, March – 2026                             International Journal of Innovative Science and Research Technology 

ISSN No: -2456-2165                                                                                                                                                https://doi.org/10.38124/ijisrt/26mar843 

 

 

IJISRT26MAR843                                                               www.ijisrt.com                                                                                  1289   

which estimates the importance of each parameter. When the 
model learns a new task, EWC reduces the risk of 

catastrophic forgetting by protecting critical parameters 

while allowing others to adapt the new task. For example, in 

reinforcement learning, EWC helps ensure that the agent does 

not forget previously learned actions while learning new 

strategies. This method has been successful in various 

domains, such as robotics and natural language processing, 

where models often need to continually learn without losing 

their ability to perform previous tasks. It requires 

computation of the Fisher matrix, which can be 

computationally expensive for large networks. 
 

 Quantum Machine Learning: 

Quantum Machine Learning (QML) is an emerging 

field that may provide solutions to catastrophic forgetting by 

utilizing quantum computing concepts to enhance adaptation 

of models. Quantum computers’ ability to perform complex 

computations using qubits allows for more efficient storing 

and retrieval of knowledge, potentially overcoming the issue 

of catastrophic forgetting. QML could enable neural 

networks to retain previous knowledge while incorporating 

new data by exploiting quantum entanglement, superposition, 

and interference. Quantum algorithms, such as quantum 
annealing, may optimize the learning process, helping neural 

networks adapt to new tasks without forgetting previously 

learned tasks. While still in the early stages, researchers have 

proposed that quantum-enhanced algorithms could better 

preserve the knowledge retained from earlier tasks, especially 

in dynamic and evolving environments. The use of QML for 

continual learning presents exciting possibilities, but 

practical implementations remain limited by current 

hardware capabilities and the need for further theoretical 

development. 

 

  Self-Supervised Learning in Transfer Learning 

A strategy that bridges the gaps between supervised and 

unsupervised learning, especially regarding Transfer 

Learning, is self-supervised learning. A model learns to 

produce significant features from unlabelled input in 
selfsupervised learning. Self-supervised learning allows 

models to learn from unlabelled datasets and then refine them 

on smaller datasets when used in Transfer Learning. Better 

feature representations that translate well to a range of tasks 

are provided by this method, which increases the adaptability 

of Transfer Learning. Through self-supervised pretraining on 

big datasets, computer vision models can identify valuable 

patterns and structures that can then be optimized for uses, 

such as autonomous driving or facial recognition. 

Selfsupervised learning increases Transfer Learning's 

scalability to domains with less reliance on labelled data. 
 

 Domain Adversarial training on Neural Networks 

Domain-adversarial training (DAT) is a technique used 

to improve the generalization ability of neural networks when 

transferring knowledge across various domains with different 

data distributions. In many Transfer Learning scenarios, 

models trained on a single dataset may not perform well when 

applied to a new, unseen domain due to domain shift — a 

difference between the source and target domains. Domain 

adversarial training addresses this by training a neural 

network to learn domain-invariant features that are useful for 

both source and target domains. This is done by introducing 
a domain discriminator that attempts to classify whether a 

feature comes from the source or the target domain, while the 

feature extractor is trained to fool this discriminator, forcing 

the model to learn features that are agnostic to the domain. 

For example, in computer vision, a model trained on synthetic 

images can be adapted to work on real-world images, 

overcoming the challenge of domain shift. DAT has been 

applied successfully in fields like medical imaging, where 

models trained on one type of medical data can be transferred 

to other datasets, such as those from different hospitals or 

geographical regions, without significant performance loss. 

 

 
Fig 3 Basic Architecture of DANN 
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 Transformers, ViTs and Attention Mechanism 
By allowing models to concentrate on the most crucial 

portions of input sequences, transformers have altered deep 

learning and overcome the drawbacks of previous designs 

such as CNNs and RNNs. A key part of transformers, the 

attention mechanism enables models to efficiently process 

long-range relationships by weighing the significance of 

various input pieces. Tasks including text generation, 

machine translation, and natural language processing have 

greatly improved because of this design. Transformers are 

very useful in a variety of applications because of their 

versatility and capacity to handle sequential data without 
depending on recurring connections. 

 

By segmenting images into patches and interpreting 

these patches as sequences, Vision Transformers (ViTs) apply 

the transformer architecture to computer vision. ViTs 

outperform conventional convolutional neural networks 

(CNNs) in a variety of tasks, including object detection and 

picture classification, by utilizing the attention mechanism to 
capture spatial linkages and global dependencies. ViTs are 

particularly useful for applications requiring a 

comprehensive knowledge of the input since they examine 

the entire visual context, unlike CNNs, which depend on 

localized filters. Because of this feature, ViTs are a well-liked 

option for computer vision applications such as picture 

labeling and segmentation. 

 

Both Transformers and Vision Transformers rely on an 

attention system that enables models to constantly focus on 

the most crucial portions of the input while ignoring less 
significant portions. The model's capacity to learn long-range 

dependencies and linkages is improved by this dynamic 

weighting of input data, which is essential for tasks like 

multimodal learning and visual question answering (VQA). 

In applications that demand context-aware processing, 

attention methods have proven very helpful, allowing models 

to perform exceptionally well in tasks like picture production 

and video comprehension. 

 

 
Fig 4 Architecture of a Transformer 

Source: https://medium.com/@jduodu5/attention-mechanism-and-vision-transformer-8955f93c53d2 

 

III. CONCLUSION 

 

In order to overcome obstacles like sparse data and 
changing task settings, transfer learning and continuous 

learning have become essential approaches in the 

development of computer vision systems. The important 

contributions of cutting-edge methods such as Vision 

Transformers (ViTs), domain-adversarial training, 

selfsupervised learning, and Elastic Weight Consolidation 

(EWC) have been examined in this study. In a variety of 

applications, such as autonomous driving, medical imaging, 

and robotics, these approaches have shown impressive 

advancements in addressing issues like domain adaptation, 

catastrophic forgetting, and feature representation. 
 

However, challenges persist, particularly in achieving 

computational efficiency, addressing domain shifts, and 

balancing scalability with performance. The integration of 

hybrid approaches, such as combining transfer and continual 

learning paradigms, offers a promising direction for 
developing robust, adaptive systems capable of lifelong 

learning. Future research should focus on optimizing 

resource utilization, exploring quantum machine learning for 

continual learning, and improving the interpretability and 

fairness of AI systems. 

 

This survey highlights the revolutionary potential of 

transfer and continuous learning in influencing the direction 

of computer vision by combining current developments and 

pointing out gaps. In addition to improving the 

methodologies' applicability, closing these gaps will open the 
door for the development of intelligent systems that can 

handle. 
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