GRENZEDDDD

Grenze International Journal of Engineering and Technology, June Issue

A Patch-based Transformer Framework for Robust
Cross-Dataset Retinal Vessel Segmentation

Pavithra G', Swapnil S N?, M B Girish?, Riya Keerthana®, E. Tarun Skanda® and Pavan. Nandan®
Dayananda Sagar College of Engineering, Bengaluru, India.
Email: dr.pavithrag.8984@gmail.com

Abstract— Retinal vessel segmentation plays a crucial role in automated diagnosis systems for
ophthalmological diseases. However, achieving high accuracy across different datasets remains
challenging due to variations in imaging conditions, noise, and vessel complexity.

This work proposes a transformer-enhanced deep learning framework that combines patch-
based learning, Gaussian-weighted reconstruction, and test-time augmentation (TTA) to
improve both accuracy and robustness. The model is trained on the DRIVE dataset and
evaluated on unseen datasets such as CHASE_DBI1, STARE, and HRF without retraining.

The results demonstrate that the proposed approach not only achieves competitive
segmentation accuracy but also maintains consistent performance across datasets, highlighting
its ability to generalize well in real-world clinical scenarios.

Index Terms— Retinal vessel segmentation, Transformer, Deep learning, Patch-based learning,
Cross-dataset generalization, Test-time augmentation, Medical image analysis.
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Retinal vessel segmentation is a fundamental step in analyzing fundus images for disease detection. The
structure of blood vessels provides important clinical indicators such as vessel width, branching patterns, and
abnormalities. Accurate segmentation enables early diagnosis of conditions like diabetic retinopathy and
glaucoma. Traditional image processing techniques often fail due to Low contrast between vessels and
background, Presence of noise, Thin and discontinuous vessel structures. Deep learning methods, especially
CNN-based architectures like U-Net, improved segmentation significantly. However, they are limited by Local
receptive fields, Inability to capture long-range dependencies, Poor generalization across datasets. To address
these issues, transformer-based models are introduced. Transformers use self-attention mechanisms to capture
global relationships in images. This work combines CNNs and transformers to leverage Local feature extraction
(CNN), Global context modeling (Transformer). Additionally, practical challenges like cross-dataset variability
are addressed through improved training and inference strategies.

II. SCOPE AND OBJECTIVES OF THE WORK

Scope:

This project focuses on building a complete segmentation pipeline, including:

Data Preprocessing: Enhancing raw fundus images to improve vessel visibility.

Model Architecture Design: Developing a hybrid CNN-transformer model for better feature representation.
Patch-Based Learning: Dividing images into smaller regions to capture fine vessel structures.
Post-Processing Techniques: Using Gaussian reconstruction and TTA to refine predictions.
Cross-Dataset Evaluation: Testing model robustness across multiple datasets without retraining.
Objectives:

Develop a segmenatation model capable of handling complex vessel patterns

Improve detection of thin and low — contrast vessels

Incorporate global attention mechanisms using transformers

Reduce segmentation artifacts using Gaussian reconstruction

Improve prediction reliability using test-time augmentation

Ensure generalization across datasets

Validate system performance through quantitative and ablation studies
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III. PROPOSED METHODOLOGY AND BLOCK DIAGRAM
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The proposed retinal vessel segmentation framework follows a structured pipeline consisting of preprocessing,
patch-based learning, transformer-enhanced segmentation, and post-processing. Initially, the input fundus
images are preprocessed by extracting the green channel, which provides better contrast for vessel structures.
Contrast Limited Adaptive Histogram Equalization (CLAHE) is applied to enhance local contrast, followed by
normalization of pixel values to ensure stable model training.

To effectively capture fine vessel details, each image is divided into overlapping patches of size 64 x 64 with a
stride of 32. This patch-based approach increases the number of training samples and improves the model’s
ability to detect thin and low-contrast vessels. Data augmentation techniques such as horizontal and vertical
flipping and rotation are also applied to improve generalization and reduce overfitting.

The segmentation model is based on a transformer-enhanced U-Net architecture. The encoder extracts
hierarchical local features using convolutional layers, while the decoder reconstructs the segmentation map using
upsampling and skip connections. A transformer module is introduced at the bottleneck to capture global
contextual dependencies through self-attention, enabling better continuity of vessel structures.

The model is trained using a hybrid loss function combining Dice loss and Focal loss to address class imbalance
and improve accuracy. During inference, predictions are generated patch-wise and merged using Gaussian-
weighted reconstruction, which assigns higher importance to central pixels and reduces boundary artifacts.
Additionally, test-time augmentation (TTA) is applied by averaging predictions from flipped versions of the
input image to improve robustness. Finally, a threshold value of 0.3 is applied to obtain the final binary
segmentation output, ensuring optimal performance.

IV. RESULT AND DISCUSSIONS

A. Performance on DRIVE Dataset

The proposed framework is evaluated on the DRIVE dataset to assess segmentation performance under standard
conditions. The model achieves a Dice coefficient of 0.804, demonstrating its ability to accurately capture retinal
vessel structures, including thin and low-contrast vessels. Table I shows the performance of proposed framework
on the DRIVE dataset.

Qualitative segmentation results are shown in Fig.3, demonstrating the ability of the proposed framework to
accurately capture both major and fine vessel structures.
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Fig. 3. Segmentation result upon the DRIVE datasets showing input image, ground truth, and predicted vessel map.

TABLE I: PERFORMANCE OF THE PROPOSED FRAMEWORK ON THE DRIVE DATASET

Model Dice IoU Sensitivity Specificity
Proposed Method 0.804 0.670 0.823 0.980

All results are obtained using the same preprocessing and inference pipeline to ensure fair comparison. The ROC
curve shown in Fig.4 indicates strong classification performance with a high area under the curve (AUC) of
0.969.

V. ADVANTAGES AND DISADVANTAGES OF THE PROPOSED SYSTEM

A. Advantages

» Global Context Understanding: Transformer module captures long-range dependencies, improving
continuity of vessel structures.

» Improved Detection of Fine Vessels: Patch-based learning helps in identifying thin and low-contrast vessels
effectively.

» Reduced Boundary Artifacts: Gaussian-weighted reconstruction ensures smooth merging of overlapping
patches.

» High Robustness: Test-Time Augmentation (TTA) reduces prediction variance and improves consistency.
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» Better Generalization: Performs well across multiple datasets without retraining.

» High Segmentation Accuracy: Combination of Dice loss and Focal loss improves overall performance.
Disadvantages:

High Computational Complexity: Transformer modules increase memory and processing requirements.
Increased Inference Time: Patch-based processing and TTA make prediction slower.

Resource Intensive: Requires powerful hardware (GPU) for efficient training and testing.

Performance Drop on Unseen Data: Slight decrease in accuracy due to variations in datasets.

Parameter Sensitivity: Performance depends on tuning parameters like patch size, stride, and threshold.
Complex Implementation: Integration of multiple components makes the system harder to design and
optimize.
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VI. APPLICATIONS

Medical Diagnosis
Ophthalmology Research

Clinical Decision Support Systems
Automated Screening Systems
Biomedical Image Analysis
Al-based Healthcare Tools
Telemedicine Applications
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VII. CONCLUSIONS

The proposed retinal vessel segmentation framework combines a transformer-enhanced U-Net with patch-based
learning and advanced post-processing techniques to achieve accurate and robust segmentation. The model
effectively captures both local and global features, improving the detection of thin and complex vessel structures.
Techniques such as Gaussian-weighted reconstruction and test-time augmentation further enhance the
smoothness and reliability of the results. The model achieves strong performance on the DRIVE dataset and
maintains good generalization across unseen datasets. Overall, the framework provides a reliable solution for
automated retinal vessel segmentation in medical applications.
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