Journal of Electronics and Information Technology(1009-5896) || Volume 25 Issue 11 2025

Transfer Learning: Applications and Challenges in Cross-Domain Adaptation

! Dipti Bhatt,” Rujuta Shah,>* Mansi Mehta
1 Assistant Professor,Sardar Vallabhbhai Global University, Ahmedabad

2 Assistant Professor, Faculty of Computer Applications and Information
Technology, GLS University, Ahmedabad,Gujarat,India
3 Assistant Professor, Department of Computer Science, IIiCT, Indus University,
Ahmedabad

Abstract:

Transfer learning has become a crucial technique in machine learning, allowing models that have
been trained in one domain to be effectively utilized for new, related tasks with limited labeled
data. Leveraging insights from pre-trained models, transfer learning enhances model
generalization, reduces training times, and mitigates challenges associated with limited data
availability. This approach has been widely adopted in fields like computer vision, natural
language processing, and healthcare, where the collection of extensive, annotated datasets can be
particularly difficult. A notable benefit of transfer learning is its capacity to leverage deep learning
models that have been pre-trained on extensive datasets, like ImageNet for visual tasks or GPT for
text analysis, for specialized applications. This has led to significant advancements in fields such
as medical diagnosis, speech recognition, and autonomous systems. Nevertheless, cross-domain
adaptation also faces several hurdles. One major challenge is domain shift, where discrepancies in
data distributions between the source and target domains can impede performance. Furthermore,
negative transfer may arise when the knowledge from the source domain does not align well with
the target domain, resulting in less effective learning. Ensuring proper feature alignment across
domains is another challenge, as differences in data characteristics can lead to inconsistencies in
model outputs. Researchers have developed advanced methodologies to address these challenges,
including domain adaptation, adversarial learning, contrastive learning, and self-supervised
techniques. These methods enhance model robustness and adaptability, making transfer learning
more effective in practical applications. However, the quest for scalable, interpretable, and
unbiased transfer learning models continues to be a significant area of research. This study
explores the key applications, techniques, and obstacles related to transfer learning, offering
perspectives on how advancements can enhance cross-domain adaptation, leading to more
efficient, flexible, and generalizable Al solutions.
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1. Introduction

Machine learning models typically require large amounts of labeled data to achieve high
performance, but collecting and annotating such datasets is often costly and impractical. Transfer
learning has emerged as a pivotal technique in machine learning, enabling models to leverage
knowledge from one domain to enhance performance in another, particularly when labeled data in
the target domain is scarce or costly to obtain [1]. Transfer learning has been widely applied across
various domains. In computer vision, convolutional neural networks (CNNs) trained on large
datasets like ImageNet are fine-tuned for specialized tasks such as medical image analysis and
autonomous driving. In natural language processing (NLP), large-scale transformer-based models
like BERT and GPT enable effective transfer to tasks such as sentiment analysis, text
summarization, and legal document classification. In healthcare, TL supports medical diagnostics,
where deep learning models trained on general image datasets can be adapted for X-ray, MRI, or
pathology image interpretation. Speech processing has also benefited, with self-supervised models
like Wav2Vec2 being fine-tuned for low-resource language recognition and domain-specific speech
tasks. This approach addresses the challenge of domain shift, where differences in data
distributions between source and target domains can degrade model performance [2]. Recent
advancements have introduced various methodologies to improve cross-domain adaptation. For
instance, vision transformers have been employed to learn cross-domain representations,
enhancing unsupervised domain adaptation tasks [3]. Additionally, cross-domain feature
enhancement techniques have been developed to bolster unsupervised domain adaptation, focusing
on extracting domain-invariant features [4]. Despite these advancements, challenges such as
negative transfer—where knowledge transfer adversely affects performance—persist.
Comprehensive surveys have highlighted the need for more generalized and computationally
efficient techniques to mitigate negative transfer and handle diverse, dynamic datasets [5]. This
paper examines the applications, methodologies, and challenges of transfer learning, discussing
emerging strategies that enhance cross-domain adaptation for more robust, scalable, and
generalizable Al models.

Pre-trained Model

l

Feature Extraction

v

Fine-Tuning

\ 4
Target Task Output

©Scopus/Elsevier Page No: 180 Journaleit.org



Journal of Electronics and Information Technology(1009-5896) || Volume 25 Issue 11 2025

Figure 1: Generalized flow diagram of transfer learning

Here is an architectural representation of transfer learning, illustrating the process of adapting a
pre-trained model for a different task:

1. Pre-trained Model: A deep learning architecture (such as a CNN for image processing or a
Transformer for natural language processing) that has been trained on an extensive dataset.

2. Feature Extraction: The features acquired from the pre-trained model are utilized for the new
task.

3. Fine-Tuning: Certain layers of the model undergo re-training with data specific to the new task.

4. Target Output: The modified model generates predictions relevant to the new domain.

The rest of the paper is organized as follows: Section 2 talks about the literature review done,
followed by Section 3 highlighting the Application areas of Transfer Learning along with
real-world scenarios for implementation domain. Section 4 lists the potential challenges faced in
implementing the transfer learning in cross-domain adoption. The last is Section 5, Conclusion.

2. Literature Review

We briefly discuss previous work on transfer learning and cross domain adaptation; for a thorough
review

S. J. Pan and Q. Yang provide a comprehensive survey on transfer learning, a machine learning
paradigm where knowledge gained in one task is applied to improve performance in a different but
related task. The authors categorize transfer learning approaches based on various dimensions,
such as the nature of the source and target tasks, the types of data involved, and the techniques
used for transfer. They discuss the challenges inherent in transfer learning, including the selection
of appropriate source domains and the alignment of feature spaces. The survey also highlights
several applications of transfer learning across domains, such as natural language processing,
computer vision, and more. By synthesizing existing research, the paper serves as a foundational
reference for understanding transfer learning concepts and methodologies, guiding future
investigations in the field. [6].

W. Dai et al. [7] explore the application of boosting algorithms to improve transfer learning
tasks. Transfer learning involves leveraging knowledge from a source domain to enhance
performance in a different but related target domain. They propose a novel boosting framework
that incorporates both the source and target domains, allowing the model to adaptively adjust to
the differences between them. They introduce specific methods to minimize the divergence
between the source and target distributions. The paper demonstrates the effectiveness of their
approach through empirical results on various datasets, showing significant improvements in
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classification performance compared to traditional methods. Overall, the work highlights the
potential of boosting techniques in facilitating knowledge transfer across domains.

The authors [8] propose a novel framework where the model "borrows" examples from related
classes to enhance detection performance, especially in scenarios with limited labeled data.
Their method leverages weakly labeled or unlabeled data from different categories to improve
detection accuracy across multiple classes. By integrating information from these borrowed
examples, the approach reduces the reliance on large labeled datasets while maintaining robust
detection capabilities. The experiments conducted demonstrate significant improvements in
performance, showcasing the effectiveness of transferring knowledge between classes for
object detection tasks. Overall, the paper contributes valuable insights into the application of
transfer learning in computer vision.

L. Fei-Fei et al. [9] addresses the challenge of teaching machines to recognize objects based on a
single training example, mirroring human learning capabilities. The authors propose a probabilistic
model that incorporates human-like learning strategies, allowing systems to generalize from
limited data. They introduce a framework that combines prior knowledge with image features for
effective category recognition. The paper also compares the performance of various models on
categorizing objects using one-shot learning, demonstrating promising results. By highlighting the
limitations of traditional learning approaches that require numerous examples, the authors advocate
for methods that learn efficiently from minimal data. This work has implications for advancing
machine learning and computer vision, particularly in scenarios where data availability is scarce.

The paper by T. Tommasi et al. [10] addresses the challenge of learning categories from a limited
number of examples, a scenario often encountered in practical applications of machine learning.
The authors propose a novel approach that utilizes multi-model knowledge transfer to enhance
learning efficiency and accuracy. By leveraging knowledge from multiple related models, their
method combines information effectively to improve performance on tasks with few available
samples. The study demonstrates the effectiveness of this approach through experiments on various
datasets, showing that it outperforms traditional single-model learning methods. Overall, the paper
contributes to the ongoing research in few-shot learning and knowledge transfer, highlighting its
potential for applications in real-world scenarios where labeled data is scarce.

The paper by U. Ruckert et al. [11] explores the concept of leveraging existing knowledge to
facilitate learning in new but related tasks. The authors propose a kernel-based method that enables
the transfer of learned representations from one task to another, enhancing model performance by
exploiting similarities in data distributions. By utilizing a framework that combines inductive
learning with kernel techniques, the approach addresses challenges such as the availability of
labeled data and the need for efficient learning in new domains. The paper discusses various
experimental results demonstrating the effectiveness of the proposed method in improving the
accuracy of machine learning models through knowledge transfer, thus contributing to the
advancement of transfer learning methodologies.

The authors [12] propose a novel framework that allows for effective knowledge transfer across
different tasks by utilizing source domain data, even when the prior distributions of the classes are
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not aligned. The authors introduce a method that adapts the classifier to better accommodate
variations in class distributions, thereby improving performance on the target task. The
experimental results demonstrate the effectiveness of their approach across several benchmarks,
showing that it can significantly enhance classification accuracy when transferring knowledge
from related domains. This work contributes to the growing field of transfer learning by providing
a robust solution for multiclass problems in scenarios with limited labeled data.

Gopalan et al. [13] addresses the challenge of transferring knowledge from a labeled source
domain to an unlabeled target domain in object recognition tasks. The authors propose an
unsupervised domain adaptation framework that aligns the feature distributions of the two
domains. Their approach leverages both geometric and statistical properties of the data to minimize
the discrepancy between the source and target domains. By utilizing techniques such as subspace
alignment and domain-invariant feature extraction, the method enhances the performance of object
recognition in the target domain without the need for additional labeled data. The experimental
results demonstrate significant improvements over existing methods, highlighting the effectiveness
of their approach in bridging the gap between different domains. Overall, this work contributes
valuable insights into mitigating domain shift issues in computer vision applications.

The paper by B. Gong et al. [14] introduces the Geodesic Flow Kernel (GFK), a novel method for
unsupervised domain adaptation that addresses the challenge of transferring knowledge from a
labeled source domain to an unlabeled target domain. The authors propose a framework that
represents the source and target domains as distributions embedded in a feature space, capturing
the geometric structure of the data. The GFK computes a kernel based on the geodesic flow
between these distributions, effectively characterizing the domain shift. This approach allows for
the adaptation of classifiers learned from the source domain to be applied to the target domain. The
method shows promising results on various benchmark datasets, demonstrating its effectiveness in
improving classification accuracy in the presence of domain discrepancies. Overall, GFK offers a
principled way to align features across domains without requiring labeled target data.

The paper "Undoing the damage of dataset bias" by A. Khosla et al. [15] addresses the issue of
dataset bias in machine learning and computer vision, which can arise when training models on
datasets that do not adequately represent the diversity of real-world scenarios. The authors propose
methods to mitigate the effects of this bias, highlighting how it can lead to poor generalization of
models in practical applications. They explore the concept of "dataset bias" and demonstrate that
models trained on biased datasets often perform poorly on unseen data that deviates from the
training distribution. The paper emphasizes the need for more robust dataset creation practices and
presents strategies to adaptively adjust or correct the learned models to enhance their performance
across diverse environments, ultimately contributing to improved model reliability and
generalization.

T. Tommasi et al. [16] address the challenges in controlling dexterous hand prostheses, which
often struggle to respond intuitively to user commands. The study introduces an adaptive learning
framework designed to enhance the performance of prosthetic hands by utilizing real-time user
feedback to adjust control strategies. By integrating machine learning techniques, the proposed
method allows the prosthetic device to better understand and predict user intentions, leading to
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improved dexterity and functionality. Experimental results demonstrate a significant enhancement
in the control accuracy and agility of the prosthetic hand. The findings suggest that adaptive
learning can significantly bridge the gap between user needs and the mechanical limitations of
current prosthetic technologies. Overall, this research contributes to the development of more
intuitive and responsive prosthetic devices, aiming to improve the quality of life for amputees.

3. Applications of Transfer Learning

Transfer learning is a machine learning technique that enables data scientists to benefit from the
knowledge gained from a previously used machine learning model for a similar task. This learning
takes humans’ ability to transfer their knowledge as an example. If you learn how to ride a bicycle,
you can learn how to drive other two-wheeled vehicles more easily. Similarly, a model trained for
autonomous driving of cars can be used for autonomous driving of trucks.[17]

This technique is relevant for models in deep learning and reinforcement learning.

Typically with less data or computational resources, transfer learning is an effective machine
learning method allowing models trained on one task or dataset to be transferred and applied to
another.[17] Transfer learning is an emerging technology that finds applications in varied fields of
machine learning. It is already showcasing real-world usages.[18]

Whether it's improving medical diagnoses, personalizing content recommendations, enhancing
autonomous driving systems, or enabling more accurate fraud detection, transfer learning allows
practitioners to leverage preexisting knowledge from larger datasets and apply it to more
specialized, smaller datasets. This not only speeds up model training but also increases the
effectiveness of models in real-world applications. Some transfer learning applications across
various domains are:

% Image Classification in Medical Sciences

Some machine-learning computer technology developments shine through computer-aided
diagnosis as a new popular and promising direction. Fine-tuning of pretrained models, such as
ResNet or Inception, on specific datasets (for instance, mammograms, CT scans) is now
implemented to detect various forms of diseases like Cancer or Tumors(e.g., breast cancer, lung
cancer), Lymphomas, Heart Diseases etc.. They can identify anomalies in medical images after
training on large datasets such as ImageNet, and this is achieved with relatively few labeled data
in comparison. [19]

Use-Case: Detecting tumors in mammogram images or lesions in CT scans of the brain.

s Natural Language Processing (NLP) for Sentiment Analysis

Sentiment classification is a crucial part of Natural Language Processing (NLP) research. It
focuses on understanding human emotions expressed through media. A key task is to figure out
how people feel based on their interactions, like reading reviews or posts.[20] To achieve this,
researchers rely on sophisticated models like BERT and GPT. These models are fed extensive
datasets filled with customer feedback. This training enables them to assess the sentiment
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behind reviews, tweets, or product comments, categorizing them as positive, negative, or
neutral. Such analysis is crucial for companies to grasp how their products or services are
viewed by consumers.

Use-Case: A large language model (LLM) can be fine-tuned to assess customer feedback which
enables public opinion analysis about products or services. Hosna, A., Merry, E., Gyalmo, J. et
al state that sentiment classification serves as a valuable instrument enabling users or business
organizations to discover client preferences and feedback by analyzing sentiment from negative
to positive to neutral reviews. [20]

Speech Recognition

Adapting voice recognition systems for specific fields, such as healthcare and finance, is
important because each has its own unique vocabulary that must be understood accurately for
proper transcription. Voice assistant models, which are trained with a large amount of diverse
audio data, can be customized to understand particular speech patterns. This includes detecting
different accents, languages, and specialized terms. By making these adjustments, the voice
assistant improves its ability to deliver accurate responses and better interact with users.
Use-Case: Transfer learning is a technique used in systems like Amazon Alexa, Google
Assistant, and Apple Siri to improve speech recognition. It starts with training models like
Tacotron or WaveNet using lots of speech data. After the initial training, these models can be
adjusted to sound like a specific person or to capture different accents and speaking styles. This
approach allows for the creation of virtual assistants tailored to individual preferences, helps in
making voice-overs for movies and videos, and also works to enhance tools for people with
vision problems. This makes technology more user-friendly and adaptable to different needs.

Autonomous Driving

Transfer learning is used in autonomous driving systems for increased safety and efficiency-so
vehicles can identify objects more easily in a variety of environments and weather conditions.
Transfer learning entails fine-tuning deep learning models previously trained on large, diverse
datasets for rather unambiguous recognition of objects like pedestrians, vehicles, road signs, and
obstacles.

Use-Case: Improving models such as YOLO or Faster R-CNN allows them to identify
important things like pedestrians, other vehicles, traffic lights, and road signs. This is crucial for
self-driving cars to safely navigate through actual driving conditions and ensure safe journeys in
various real-world environments. By accurately detecting these elements, autonomous vehicles
can make better decisions on the road, preventing accidents and improving overall traffic flow.
Such advancements in technology are essential for developing reliable and efficient self-driving
systems.
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Figure 3.1 Application Domains of Transfer Learning

Anomaly Detection in Cybersecurity

The pre-trained model designed to identify general cybersecurity threats can be customized with
data unique to an organization. This allows it to effectively spot fraud, phishing attempts, or
network intrusions. Additionally, leveraging the foundational concepts of anomaly detection
makes it easier to recognize emerging threats that could affect an organization’s systems.
Use-Case: Identifying fraud transactions, recognizing security problems, and detecting unusual
patterns that may point to cyber-attacks are crucial tasks in areas like banking, e-commerce, and
business systems. For example, a general fraud detection system can be specially designed to
spot credit card fraud or cyber threats in specific sectors or industries, helping to protect them
more effectively.

Personalized Content Recommendations

Transfer learning is used in product recommendation, movie recommendation, or music
recommendation systems. A model pre-trained on a big dataset of user behavior and interest can
be further trained on the individual users' or small group's specific interest. Zhuang, Fuzhen, et
al. have explained various types of transfer learning methods, e.g., instance-based and
feature-based methods. These methods seek to utilize the information available in other
recommender systems (i.e., source domains) in order to assist in the construction of the
recommender system for the target domain.[19]

Use-Case:Netflix and Spotify work by first creating models based on what people all over the
world enjoy. Then, they take these models and adjust them for each user. They look at what
movies or songs you have watched or listened to before. By doing this, they can give you
suggestions that are more suited to your personal tastes. This means when you log in, the
recommendations you see are specially chosen for you, making it easier to find something you
would like.

Agriculture: Crop Disease Detection

Transfer learning is applied to track crop health and diagnose diseases in farming. Pretrained
computer vision models can be adjusted using crop images with known diseases, and farmers
can easily spot diseases early on and decrease pesticide application. For example, deep learning
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models such as ResNet or EfficientNet can be modified to detect small variations in leaf color,
form, or texture that suggest disease. pretrained on generic images can be trained to identify
particular diseases in crops such as wheat, corn, or rice using leaf patterns and symptoms.
Use-Case: Using models trained on large datasets of plant diseases, you can spot blight in
tomatoes or powdery mildew in cucumbers. These models are then specifically customized for
different types of crops. With this approach, farmers can quickly identify problems in their
plants and take steps to treat them faster. This helps in protecting crop health and ensuring better
yields.

+ Reinforcement Learning (RL) in Robotics

Transfer learning in robotics is used to enable robots to transfer learned skills from simulated to
real environments. For example, a robot trained to pick and place objects in a virtual simulation
environment with reinforcement learning can transfer the learned ability to move real objects in
real-world environments, which could include fine-tuning the model to adjust to real-world
conditions (e.g., friction, object texture, lighting).

Use-Case: Through simulations, the robotic arm learns to pick and place. The training helps it
work with real objects at a warehouse, even if those objects differ in size, weight or shape.
Therefore it can handle a wide range of items.

s Time Series Forecasting for Financial Markets

For stock market prediction in financial markets, transfer learning can be applied. Large time
series datasets (e.g., economic indicators, stock price changes) pre-trained models can be
fine-tuned for individual stocks, sectors, or commodities, such as forecasting stock market
directions utilizing models such as LSTMs (Long Short-Term Memory) pre-trained on general
market data and fine-tuned to predict the movements of individual stocks. By transferring
learning from the overall market trends, the model can provide better predictions for individual,
smaller datasets.

Use-Case: Forecasting how stock prices will change or how assets will move involves using
information from general market trends. This information helps understand and predict what
might happen with specific stocks or financial products. It means looking at the big picture of
the market and applying that understanding to particular investments you are interested in.

Transfer learning has far-reaching implications across industries. Whether enhancing medical
diagnoses, content personalization, autonomous driving systems, or fraud detection, transfer
learning enables practitioners to tap into existing knowledge from larger datasets and transfer it to
more niche, smaller datasets. This not only accelerates model training but also enhances the
performance of models in real-world scenarios.

4. Challenges

A crucial component of transfer learning is cross-domain adaptation, which involves modifying a
model that was trained in one domain (the source domain) to function well in a different but
similar domain (the target domain). To ensure successful transmission, researchers and
practitioners must overcome a number of obstacles in this process.
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Domain Shift: There are frequently notable differences in the distribution of data between the
source and destination domains. This change may occur in label space (e.g., different labeling
conventions) or feature space (e.g., different backdrops in photographs).

Feature Misalignment: It can be challenging for the model to generalize when features that are
helpful for the source domain are not the same for the target domain.

Inadequate Target Data: It can be difficult to adjust or modify the model when there is a lack of
labeled data for the target domain.

Class Imbalance: Underperformance on minority classes is frequently the result of a different
class distribution in the target domain compared to the source domain.

Noisy Labels: The adaptation process may be made more difficult by the destination domain's
noisy or unclear labels, which contrast with the source domain's clean labels.

Domain-Specific qualities: Overfitting to the source domain may result from some qualities that
are unique to one domain and irrelevant in another.

5. Conclusion

To sum up, transfer learning has emerged as an effective method in the field of machine learning,
providing a promising strategy to handle cross-domain adaptation tasks. By adopting knowledge
from a source domain to enhance learning performance in a target domain, transfer learning
minimizes the requirement for large amounts of labeled data and enables faster and more effective
model training. This ability proves highly beneficial for real-world scenarios in which obtaining
labeled data costs money or is infeasible.

But even with all its advantages, a number of challenges are still present. These include, such as
domain mismatch, feature misalignment, the problem of choosing the best source domain for a
specific target task etc. Research on how to overcome these challenges continues to be an active
field of research, with recent improvement of progress on methodologies like domain-invariant
feature learning, adversarial training, and fine-tuning techniques.

Directions for future work in transfer learning must be directed toward improving domain adaptation
algorithms to manage more sophisticated and heterogeneous domains, enhancing interpretability of
the model, and creating methods that can efficiently deal with few-shot or zero-shot learning
situations. With the progress of the field, solving these problems will be instrumental in maximizing
the potential of transfer learning in many applications across the board, ranging from natural
language processing and computer vision to medicine and robotics.

In general, transfer learning is still a dynamic and ever-changing topic, with an invaluable collection
of tools for addressing cross-domain adaptation issues and continuing to advance the capabilities of
machine learning both in research and real-world applications.
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