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Introduction
Medical image segmentation is a critical 

task in the field of healthcare, where it plays a 
pivotal role in the analysis and interpretation 
of medical images. Segmentation involves the 
process of partitioning a medical image into 
distinct regions or structures, such as organs, 
tissues, or abnormalities like tumors. This 
process is essential because it allows for the 
precise delineation of anatomical structures, 
enabling clinicians to make more accurate 
diagnoses, plan treatments, and monitor the 
progression of diseases[1].

One of the most common applications 
of medical image segmentation is in tumor 
detection, where the accurate identification 
and segmentation of tumor boundaries are 
crucial for determining the stage of cancer 
and selecting appropriate treatment options. 
Similarly, organ segmentation is vital in 
procedures like radiation therapy, where 
accurate targeting of the treatment area is 
necessary to minimize damage to surrounding 
healthy tissues. Beyond these applications, 
segmentation is also employed in cardiac 
imaging, brain imaging, and the study of 
various other organ systems, making it an 
indispensable tool in modern medicine[2].
Overview of Transfer Learning and Fine-
Tuning

Transfer learning and fine-tuning are 
two powerful techniques in deep learning, 
especially in scenarios where large, annotated 
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improvements in Dice coefficient, Intersection over Union (IoU), precision, and recall across all 
datasets. These findings underscore the importance of fine-tuning in adapting pre-trained models to 
the unique challenges of medical imaging, offering valuable insights for developing more accurate and 
reliable segmentation models in clinical practice.

datasets are scarce, which is often the case in 
medical imaging.

Transfer learning refers to the process of 
leveraging a pre-trained model, usually trained 
on a large, general dataset like ImageNet, and 
applying it to a different but related task. In the 
context of medical image segmentation, transfer 
learning allows models that were originally 
trained on a broader image classification task to 
be adapted for more specific tasks like organ or 
tumor segmentation. The advantage of transfer 
learning is that it reduces the need for extensive 
labeled data in the target domain, as the model 
has already learned features that are useful for 
image analysis.

Fine-tuning is a specific type of transfer 
learning where the pre-trained model is not only 
adapted to the new task but also further trained 
(or "fine-tuned") on the specific dataset at hand. 
This involves adjusting the model's parameters 
to better suit the nuances of the target data. 
Fine-tuning is particularly important in medical 
image segmentation because the characteristics 
of medical images can be vastly different 
from the general images on which the original 
model was trained. By fine-tuning, the model 
can learn to focus on features that are more 
relevant to medical images, thereby improving 
its performance[3,4].

Both transfer learning and fine-tuning are 
crucial in medical image segmentation because 
they allow for the development of accurate 
models even when labeled data is limited, 
which is a common challenge in the medical 



Page 2 of 6

Ch.G.V.N. Prasad et al. Global Journal of Engineering Innovations and Interdisciplinary Research. 2025;5(1):19

GJEIIR. 2025; Vol 5 Issue 1

field. These techniques enable the use of deep learning in clinical 
practice, where the availability of large, annotated datasets is 
often a bottleneck.
Research Motivation and Objectives

The motivation for this research stems from the ongoing 
need to improve the accuracy and efficiency of medical image 
segmentation, a task that is increasingly being performed using 
deep learning models. Despite the success of these models, the 
limited availability of annotated medical data poses a significant 
challenge, making it difficult to train models from scratch. This 
challenge has led to the widespread adoption of transfer learning 
and fine-tuning as strategies to enhance model performance 
with limited data[5,6].

However, while both transfer learning and fine-tuning have 
been shown to be effective, there is still a lack of comprehensive 
studies that directly compare the impact of these techniques on 
medical image segmentation. Understanding the strengths and 
weaknesses of each approach is essential for guiding practitioners 
in selecting the most appropriate method for their specific tasks. 
Moreover, with the growing diversity of medical imaging 
modalities and segmentation tasks, it is important to assess how 
these techniques perform across different scenarios[7].

The primary objective of this research is to evaluate and 
compare the performance of transfer learning and fine-tuning 
in medical image segmentation. Specifically, this study aims 
to answer the following questions: How does transfer learning 
impact the segmentation accuracy compared to fine-tuning? In 
what scenarios does fine-tuning offer a significant advantage? 
How do these techniques perform across different types of 
medical images and segmentation tasks? By addressing these 
questions, this research seeks to provide valuable insights that 
can inform the development of more effective segmentation 
models, ultimately contributing to better clinical outcomes[8].
Literature Survey
Transfer Learning in Medical Imaging

Transfer learning has gained significant traction in the 
field of medical imaging, particularly for tasks such as image 
classification, detection, and segmentation. The primary appeal 
of transfer learning in this context is its ability to leverage 
models pre-trained on large datasets, like ImageNet, which 
contains millions of images across thousands of categories. 
These models, such as VGG, ResNet, and Inception, have 
learned rich feature representations that can be transferred to 
medical imaging tasks, where the available annotated data is 
often sparse and expensive to obtain[9].

Several studies have demonstrated the effectiveness of 
transfer learning in medical image segmentation. For instance, 
pre-trained models have been successfully adapted for tasks 
like tumor segmentation in MRI scans and organ segmentation 
in CT images. The transfer of learned features from generic 
image datasets to medical images has proven beneficial, as 
these features often capture fundamental visual patterns, such 
as edges, textures, and shapes, which are also present in medical 
images[10].

However, the application of transfer learning in medical 
imaging is not without challenges. One of the key issues is the 
domain gap between the source and target datasets. Medical 
images, especially those from modalities like MRI or ultrasound, 
are significantly different from the natural images found in 
datasets like ImageNet. This discrepancy can lead to suboptimal 
performance if the model's pre-learned features do not align 

well with the characteristics of medical images[11]. Moreover, 
some studies have reported that while transfer learning can 
speed up the training process and improve performance initially, 
its benefits may plateau or even diminish as the model continues 
to train on the target medical data. These challenges highlight 
the need for careful consideration of the source model and the 
specific task at hand when applying transfer learning in medical 
imaging[12].
Fine-Tuning Techniques

Fine-tuning is a nuanced approach within transfer learning, 
where a pre-trained model is further trained on the target 
dataset to better adapt it to the specific characteristics of the 
new domain. In the context of medical imaging, fine-tuning has 
been widely explored as a method to improve the performance 
of segmentation models. The key advantage of fine-tuning is 
that it allows the model to adjust its learned representations to 
capture more domain-specific features that are critical for tasks 
like segmenting organs, tissues, or pathological regions.

The literature on fine-tuning in medical imaging reveals 
several strategies that researchers have employed. One common 
approach is full network fine-tuning, where all layers of the 
pre-trained model are updated during the training process. This 
strategy is effective when the target domain is significantly 
different from the source domain, as it allows the model to fully 
adapt to the new data. However, full network fine-tuning can be 
computationally expensive and may require large amounts of 
annotated data to avoid overfitting.

Another approach is selective layer fine-tuning, where only 
certain layers of the pre-trained model are fine-tuned while 
others are kept frozen. Typically, the later layers of the network, 
which capture more task-specific features, are fine-tuned, while 
the earlier layers, which capture more general features, are left 
unchanged. This approach is particularly useful when the target 
dataset is small, as it reduces the risk of overfitting and requires 
less computational power. Studies have shown that selective 
layer fine-tuning can be highly effective in medical image 
segmentation, especially when the source and target domains 
share some similarities.

Despite the success of fine-tuning in medical imaging, it is 
not a one-size-fits-all solution. The effectiveness of fine-tuning 
depends on several factors, including the size and diversity of 
the target dataset, the similarity between the source and target 
domains, and the specific segmentation task. Researchers 
must carefully experiment with different fine-tuning strategies 
to determine the optimal approach for their particular 
application[13-16].
Comparative Studies

There have been numerous studies comparing the effectiveness 
of transfer learning and fine-tuning across various domains, 
including medical imaging. These studies generally aim to 
determine which approach yields better performance in terms 
of accuracy, generalization, and computational efficiency. In 
the context of medical image segmentation, some research has 
shown that transfer learning alone can provide a solid starting 
point, but fine-tuning is often necessary to achieve optimal 
results, especially when dealing with highly specialized tasks.

For instance, studies comparing the performance of models 
that were merely transferred versus those that were fine-tuned 
have found that fine-tuning can lead to significant improvements 
in segmentation accuracy[17]. This is particularly true in 
cases where the medical images are markedly different from 
the natural images used in the pre-training phase. However, 
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these studies also highlight that the benefits of fine-tuning are 
contingent on the availability of sufficient labeled data and the 
careful selection of which layers to fine-tune.

Despite these findings, there are still gaps in the literature 
that your study aims to address. One major gap is the lack of 
a comprehensive comparison across different types of medical 
images and segmentation tasks. Most existing studies focus 
on a single type of medical image or a specific segmentation 
task, leaving unanswered questions about the generalizability 
of their findings. Additionally, there is a need for more 
research on how different fine-tuning strategies compare in 
terms of computational efficiency and their impact on model 
interpretability, which is crucial in a clinical setting[18].

Methodology
Dataset Description

The datasets used in this study are carefully selected to 
represent a diverse set of medical image segmentation tasks, 
encompassing different imaging modalities and anatomical 
structures. One of the primary datasets employed is a collection 
of MRI scans focused on brain tumor segmentation. This dataset 
includes T1-weighted and T2-weighted MRI images, which are 
essential for capturing different tissue contrasts in the brain. The 
dataset consists of approximately 2,000 images, with each image 
meticulously annotated by experienced radiologists to delineate 
the tumor boundaries. These annotations serve as the ground 
truth for training and evaluating the segmentation models[19].

In addition to the MRI dataset, a second dataset of CT scans is 
utilized, targeting liver segmentation. The CT images, sourced 
from multiple patients, offer a diverse range of liver shapes 
and sizes, providing a robust test for the generalizability of the 
models. This dataset includes around 1,500 images, with each 
slice annotated to outline the liver's contour. The variation in 
image quality and patient anatomy presents a significant challenge 
for segmentation, making it an ideal candidate for evaluating the 
effectiveness of transfer learning and fine-tuning.

Finally, a dataset of ultrasound images is included, focusing 
on kidney segmentation. Ultrasound imaging presents unique 
challenges due to its lower resolution and higher noise levels 
compared to MRI and CT scans. The dataset comprises 1,200 
images, annotated by expert sonographers, to identify the kidney 
boundaries. This dataset is particularly valuable for assessing how 
well the models can generalize to different imaging modalities, 
especially those with lower signal-to-noise ratios[20,21].
Model Selection

For the transfer learning and fine-tuning experiments, several 
state-of-the-art pre-trained models are selected, each chosen for 
its proven effectiveness in image analysis tasks. The primary 
models include U-Net, ResNet, and VGG16, all of which have 
been widely adopted in medical imaging research due to their 
robust architectures and strong performance on a variety of tasks.

The U-Net model, known for its encoder-decoder architecture, 
is particularly well-suited for segmentation tasks, as it allows 
for precise localization through its skip connections between the 
encoder and decoder layers. The version of U-Net used in this 
study is pre-trained on a large-scale dataset, such as ImageNet, to 
capture general features that can be transferred to medical image 
segmentation.

ResNet, with its deep residual learning framework, is another 
model chosen for its ability to effectively learn complex features 
in images. The ResNet50 variant, pre-trained on ImageNet, is 
employed in this study. Its skip connections help mitigate the 

vanishing gradient problem, making it easier to fine-tune for 
specific tasks like organ and tumor segmentation[22,23].

VGG16, a simpler yet powerful convolutional neural network, 
is selected for its well-established performance in image 
classification and segmentation. Its deep architecture, with a 
series of convolutional layers followed by fully connected layers, 
provides a strong foundation for transfer learning. The VGG16 
model used in this study is also pre-trained on ImageNet, and 
modifications are made to its final layers to adapt it to the specific 
segmentation tasks at hand.

In terms of modifications, the final fully connected layers of 
ResNet and VGG16 are replaced with convolutional layers that 
output segmentation masks, while the U-Net model remains 
largely unchanged except for fine-tuning specific layers depending 
on the dataset. These modifications are crucial for adapting the 
models to the pixel-wise prediction task of segmentation, rather 
than the image-level classification for which they were originally 
designed[24].
Training Process

The training process for both transfer learning and fine-tuning 
involves carefully orchestrated procedures to optimize model 
performance on the medical image datasets. For the transfer 
learning phase, the pre-trained models are initially applied to the 
target datasets with their weights frozen. This allows the models 
to utilize their learned features without altering them, effectively 
serving as feature extractors for the new domain. During this 
phase, only the newly added layers, responsible for generating 
the segmentation masks, are trained.

Following this, the fine-tuning process begins. Depending on 
the fine-tuning strategy employed, different sets of layers are 
unfrozen, and the model is further trained on the target dataset. 
In full network fine-tuning, all layers of the model are updated, 
allowing the network to fully adapt to the nuances of the medical 
images. In selective layer fine-tuning, only specific layers, usually 
the deeper layers closer to the output, are updated. This approach 
helps in situations where the target dataset is smaller, as it reduces 
the risk of overfitting while still allowing the model to refine its 
feature representations[25].

The training process utilizes the Adam optimizer, chosen for its 
efficiency in handling sparse gradients and its adaptive learning 
rate capabilities. The learning rate is initially set to a small value, 
such as 1e-4, to ensure stable convergence during fine-tuning. 
The loss function used is the Dice loss, which is particularly well-
suited for segmentation tasks as it directly optimizes the overlap 
between the predicted and true segmentation masks. Additionally, 
Intersection over Union (IoU) loss is used as a complementary 
loss function to further improve the accuracy of the segmentation 
boundaries.

The training schedule involves running the models for a 
predefined number of epochs, typically around 50-100, with 
early stopping criteria based on the validation loss to prevent 
overfitting. Data augmentation techniques, such as rotation, 
scaling, and flipping, are applied to increase the robustness of the 
models and to ensure that they generalize well to unseen data[26].
Evaluation Metrics

To assess the performance of the segmentation models, 
several evaluation metrics are employed, each providing 
insights into different aspects of the model's effectiveness. The 
primary metric used is the Dice coefficient, which measures the 
similarity between the predicted and ground truth segmentation 
masks. The Dice coefficient is particularly valuable in medical 
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image segmentation as it directly reflects the overlap between 
the predicted regions and the actual anatomical structures, 
making it an intuitive measure of accuracy.

Another critical metric is the Intersection over Union (IoU), 
which quantifies the ratio of the intersection area between the 
predicted and ground truth masks to their union. IoU is often 
used alongside the Dice coefficient as it provides a more 
stringent evaluation of segmentation accuracy, particularly in 
cases where the predicted boundaries are slightly misaligned 
with the ground truth.

Accuracy, precision, and recall are also computed to provide 
a broader evaluation of model performance. Accuracy measures 
the overall correctness of the segmentation, while precision and 
recall offer insights into the model's ability to correctly identify 
positive regions (e.g., tumors) and its sensitivity to detecting all 
relevant regions, respectively. High precision indicates that the 
model is effective at avoiding false positives, while high recall 
suggests that the model is sensitive to capturing all instances of 
the target structures[27].

Implementation and result
The experimental results presented in the table demonstrate the 

comparative effectiveness of transfer learning and fine-tuning 
in medical image segmentation across different models and 
datasets. For all three imaging modalities—MRI for brain tumor 
segmentation, CT for liver segmentation, and ultrasound for 
kidney segmentation—fine-tuning consistently outperformed 
transfer learning across all metrics, including Dice coefficient, 
Intersection over Union (IoU), precision, and recall. This trend 
underscores the importance of fine-tuning in adapting pre-
trained models to the specific characteristics of medical images, 
which often differ significantly from the natural images used in 
the pre-training phase.

Specifically, the U-Net model, known for its powerful encoder-
decoder architecture, showed a substantial improvement in 
performance when fine-tuned, achieving the highest Dice 
coefficients across all datasets. For instance, the Dice coefficient 
for U-Net on MRI data increased from 0.85 with transfer 
learning to 0.89 with fine-tuning, reflecting enhanced overlap 

Model Dice Coefficient
U-Net (Transfer) 0.85
ResNet (Transfer) 0.83
VGG16 (Transfer) 0.82
U-Net (Transfer) 0.84
ResNet (Transfer) 0.82

Table 1. Dice Coefficient Comparison Table 3. Naïve Bayes Comparison

Figure 1. Graph for Dice Coefficient comparison

Model IoU
U-Net (Transfer) 0.78
ResNet (Transfer) 0.76
VGG16 (Transfer) 0.75
U-Net (Transfer) 0.77
ResNet (Transfer) 0.74

Table 2. IoU Comparison

Model Precision
U-Net (Transfer) 0.88
ResNet (Transfer) 0.86
VGG16 (Transfer) 0.85
U-Net (Transfer) 0.87
ResNet (Transfer) 0.85

Figure 3. Graph for Precision comparison

Model Recall
U-Net (Transfer) 0.84
ResNet (Transfer) 0.81
VGG16 (Transfer) 0.8
U-Net (Transfer) 0.82
ResNet (Transfer) 0.8

Table 4. Recall Comparison
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between the predicted and actual tumor boundaries. Similarly, 
the IoU and precision metrics also improved, indicating that fine-
tuning helped the model better capture the complex structures in 
medical images[28].

The ResNet and VGG16 models, while initially performing 
slightly lower than U-Net in transfer learning mode, also 
exhibited significant gains when fine-tuned. The fine-
tuning process allowed these models to refine their feature 
representations, leading to more accurate segmentation 
outputs. For example, ResNet's Dice coefficient on CT liver 
segmentation increased from 0.82 to 0.86, while VGG16 saw 
an improvement from 0.81 to 0.85 in the same task. These 
improvements highlight that fine-tuning not only enhances the 
accuracy but also the generalization ability of models across 
different medical imaging tasks[29].
Conclusion

The comparative analysis presented in this study highlights 
the critical role of fine-tuning in improving the performance of 
transfer learning-based models for medical image segmentation. 
Across multiple datasets and imaging modalities, fine-tuning 
consistently outperformed standard transfer learning, leading to 
more accurate and reliable segmentation outcomes. The results 
underscore that while transfer learning serves as a valuable 
tool for initializing models, fine-tuning is essential for adapting 
these models to the specific characteristics of medical images, 
thereby enhancing their generalization ability and precision. 
These findings provide practical guidance for the deployment 
of machine learning models in medical imaging applications, 
emphasizing the need for fine-tuning to achieve optimal 
performance and reliability in clinical settings[30].
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