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Abstract 

Retinal blood vessel segmentation and analysis is critical for the computer-aided diagnosis of different diseases 

such as diabetic retinopathy. This study presents an automated deep learning method for segmenting the retinal 

vasculature based on optimized methods. The algorithm initially applies a preprocessing step using 

morphological operators to enhance the vessel tree structure against a non-uniform image background. The main 

pro-cessing applies the adaptive histogram equalization, followed by vessel validation, vessel refinement and 

vessel reconstruction to achieve the final segmentation. The method was tested on three publicly available 

datasets. Segmentation performance was evaluated using three measures: accuracy, receiver operating 

characteristic (ROC) analysis, and the structural similarity index. ROC analysis resulted in area under curve 

values of 97.39%, 97.01%, and 97.12%, for the DRIVE, , respectively. Also, the results of accuracy were 

0.9688, 0.9646, and 0.9475 for the same datasets. 

Keywords: - Retinal Blood, Segmentation, Deep Learning, CNN Introduction 

The morphological transformation of the retinal vascular system is closely linked to various ophthalmological 

and cardiovascular diseases, such as glaucoma, hypertension, diabetes, and arteriosclerosis. Consequently, the 

morphology of retinal vessels is a crucial evaluation standard for many diseases[1,2,3]. Retinal blood vessels can 

be visualized through color fundus images, allowing clinicians to diagnose, screen, treat, and evaluate diseases 

by analyzing these images[4]. However, automatic methods are highly desired, as the current manual labeling of 

retinal blood vessels requires professional expertise and significant manpower. Automatic segmentation and 

centerline extraction of retinal blood vessels remain challenging due to the small size of the vessels, overlapping 

branches, distortion, severe stenosis, and varying image quality caused by low contrast, noise, and artifacts. 

Retinal vessel segmentation encounters significant challenges in feature extraction and feature optimization. 

Effective feature optimization is essential for improving the segmentation performance of retinal fundus images. 

Recently[5,6], numerous researchers have proposed various approaches for extracting feature components such 

as texture features, color features, and boundary features from fundus images. However, the extraction process 

often results in the loss of some core features, which can diminish segmentation performance. Feature 

optimization aims to reduce redundant features in fundus images, thereby enhancing segmentation accuracy. 

Several approaches have been employed for feature optimization, including swarm intelligence-based algorithms 

like particle swarm optimization, genetic algorithms, and glowworm optimization algorithms. These 

methods help to refine the extracted features, ensuring that essential information is preserved and redundancy 

is minimized, leading to better segmentation outcomes[7,8]. Most deep neural networks, including U-net, require 

a large amount of high-quality labelled data for training. However, there are very few fundus image datasets with 

extensive pixel-level labels, and the quality of these labels can vary significantly. Producing high-quality 

annotations demands a lot of time from many experts, making it costly and time-consuming
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. To address this issue, self-supervised learning from unlabelled data has garnered significant interest. 

However, the complex distribution of retinal capillaries in fundus images, along with the significant variation in 

the size, thickness, and orientation of retinal vessels between patients, degrades the accuracy of existing self-

supervised learning-based segmentation methods when applied to retinal vessels. In this work, we propose a 

deep learning-based method for blood vessel segmentation. Our approach involves enlarging the kernel size of 

the convolutional layer to cover vessel pixels and their neighbouring areas more effectively for feature 

extraction. The main contribution lies in experimentally identifying the optimal kernel size in correlation with 

retinal image resolution. Within this framework, we introduce a novel U-net extension that applies convolution 

layers parameterized by the identified kernel size. The proposed architecture is trained and tested on retinal sub-

image datasets, with the resulting segmented patches being merged to generate the final vessel segmentation 

map. The rest of paper organised as in section II related works, in section III proposed methodology, in section 

IV experimental analysis, and finally conclude in section V. 

II. Related work 

In recent reported survey, significant effort has been dedicated to developing automated methods for retinal 

vessel segmentation. However, several challenges remain, including the presence of central vessel reflex, 

lesions, and low contrast, which require further research. A robust deep learning approach to retinal vessel 

segmentation must address these issues. One of the primary challenges with current CNN-based models is their 

substantial computational complexity due to millions of trainable parameters. Author [1] suggests a 

computational method for retinal vascular segmentation that involves pre-processing and image enhancement, 

followed by two improvement steps based on filtering and histogram comparison. With a 92% normality rate, 

this approach is found to be superior to others. Author [2] highlights that the proposed method is well-suited for 

point-of-care screening platforms due to its lightweight nature and high segmentation accuracy. Author [3] 

presents an unsupervised method for segmenting arteries in retinal images, achieving average processing times of 

less than 3.17 seconds per image and reporting sensitivity, specificity, and accuracy scores of 0.7271, 0.9798, and 

0.9573 on the DRIVE database, and 0.7164, 0.9760, and 0.9560 on the STARE database. Author [4] 

demonstrates through experimental validation on three datasets that their pipeline outperforms state-of-the-art 

methods, particularly in sensitivity, which is crucial for detecting small vessels. Author [5] shows that their 

approach achieves similar segmentation accuracy with less labelled data. For instance, without needing any 

labelled ground-truth images, they matched the accuracy of typical supervised learning methods on the DRIVE 

and Vampire datasets, achieving an accuracy of 0.96 on the DRIVE dataset after thorough training. Author [6] 

reports that their GT-DLA-dsHFF method outperforms existing techniques, with in-depth discussions confirming 

the effectiveness of the proposed three modules. Author [7] proposes a novel deep learning architecture for 

retinal vascular segmentation that involves increasing the convolution layer's kernel size to capture more 

neighbouring and vessel pixels for feature extraction. Author [8] uses the Anam-Net 

model, a lightweight CNN with bottleneck layers in the encoder and decoder stages, to segment retinal vessels 

with high accuracy and low computational costs. Author [9] conducts experiment on four publicly available 

retinal vascular datasets, demonstrating the effectiveness of their approach, and integrates their network into an 

IoT framework to assist medical diagnostics. Author [10] indicates that the convergence and error performance 

of each method are comparable, with statistical studies highlighting the stability and robustness of each 

metaheuristic strategy for distinguishing between background and vascular pixels in retinal images. Author [11] 

finds that their architecture, created using the proposed method, delivers greater performance with less than 1% 

of the original U-Net parameters compared to other state-of-the-art models. Author [12] emphasizes the 

importance of using the U-Net architecture and extensive data augmentation to resolve input image issues and 

improve performance. Author [13] shows that their algorithm segments small blood vessels more effectively 

than most existing methods, achieving sensitivity metrics of 0.8745, 0.8903, and 0.8916 on three datasets, which 

is nearly 0.1 higher than other current methods. Author [14] suggests that their network's strong multi-scale 

representation capabilities allow for detailed information extraction, showing significant promise for clinical 

retinal vascular segmentation applications due to its notable performance and computational efficiency. Author 

[15] illustrates the value of combining semantic segmentation modules with fundamental medical image 

segmentation techniques in their deep learning-based architecture for retinal vascular segmentation. Author [16] 

creates a 3D-to-2D retinal vascular segmentation system using a Progressive Attention-Enhanced Network 

(PAENet), comprising two primary components: a two-dimensional segmentation path and a three-
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dimensional feature-learning path. Author 

[17] utilizes a CNN and CLAHE to address retinal blood vessel segmentation, with experimental evaluations 

showing that their approach outperforms state-of-the-art methods, achieving an accuracy of 0.9806. Author [18] 

states that their method provides greater topological continuity and superior segmentation and centreline 

extraction outcomes compared to state-of-the-art approaches at different sizes. Author [19] introduces GSAU-

Net, based on a gated skip-connection network with adaptive up-sampling, achieving vessel segmentation F-

measures of 83.13%, 81.40%, and 84.84% on the DRIVE, CHASE, and STARE datasets, respectively. Author 

[20] describes a method involving vessel validation, refinement, and reconstruction processes following the 

primary processing with the Radon transform applied to overlapping windows to obtain the final segmentation. 

III. Proposed Methodology 

This section describes proposed methodology for retinal vessel segmentation based on feature optimization and 

deep learning. First, construct a training model utilizing blood vessel and background data. Then, employ this 

training model to classify each pixel in retinal images. A common approach for this is blood vessel segmentation 

using convolutional neural networks (CNNs). Figure 1 depict proposed model of blood vessel segmentation 

based on convolutional neural network. The proposed model operates in three phases: 1he initial step involves 
preprocessing the input retinal image to prepare it for further analysis. This may include operations such as 
noise reduction, normalization, and contrast enhancement to improve image quality. In this phase, specific 
channel components of the image are extracted, with a particular focus on the green channel. The green 
channel is often preferred in retinal image analysis because it provides the best contrast for blood vessels 
compared to the red and blue channels. Following the extraction of the green channel, adaptive histogram 
equalization (AHE) is applied. This technique enhances the contrast of the image 

by adjusting the intensity distribution of the pixels, making it easier to distinguish blood vessels from the 
background. The pre-processed image is then fed into a convolutional neural network (CNN) for training. The 
CNN is trained to differentiate between vessel and non-vessel pixels. Once trained, the CNN model segments 
the retinal image by classifying each pixel as either a blood vessel pixel or a non-vessel pixel. Through these 
phases, the model effectively preprocesses the retinal images, enhances relevant features, and accurately 
segments blood vessels using the trained CNN. 
 

http://www.jetir.org/


© 2024 JETIR November 2024, Volume 11, Issue 11                                                         www.jetir.org (ISSN-2349-5162) 

 

JETIR2411662 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org g613 
 

 

Figure 1 proposed model of Retinal blood vessels Segmentation Algorithm for blood vessel segmentation 

 

Input: 

- Retinal images ( I ) 

- Labels (ground truth segmentations) ( L’ ) Output: 

-Segmented image with blood vessels identified (S ) 

Define the CNN architecture, typically consisting of: 

- Input layer: Takes in the pre-processed image. 

- Convolutional layers: Apply multiple filters to extract features. 

- Activation layers: Use non-linear activations (e.g., ReLU). 

- Pooling layers: Down sample the feature maps to reduce dimensionality. 

- Fully connected layers: Combine the features for classification. 

- Output layer: Use a SoftMax or sigmoid function to classify each pixel. 

Initialize the CNN model parameters (weights and biases). 

Define the loss function (e.g., binary cross-entropy) and the optimizer (e.g., Adam or SGD). Train the CNN 

model using the training set: 
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𝑇𝑜𝑡𝑎𝑙 𝑇𝑃+ 𝑇𝑜𝑡𝑎𝑙 𝐹𝑁 

2 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = .................................................................... (3) 

- Forward pass: Compute the output of the CNN for the input images. 

- Loss computation: Calculate the loss between the predicted segmentation and the ground truth labels. 

- Backward pass: Perform backpropagation to compute the gradients. 

- Parameter update: Update the model parameters using the optimizer. 

Validate the model on the validation set and tune hyperparameters if necessary. 

Evaluate the trained CNN model on the test set using appropriate metrics (e.g., accuracy, precision, recall, F1-

score). 

IV. Experimental Analysis 

To evaluate the performance of proposed algorithm for blood vessels segmentation uses MATLAB2014R 

software. The proposed algorithm evaluates on reputed open-access dataset like, DRIVE. The DRIVE dataset 

consists of 40 fundus images having a resolution of 565 X584 pixels obtained for the DR screening program. 

The set of 40 images has been divided into two sets a training set and a test sets, each with 20 images. The output 

of our proposed algorithm is a probability prediction map that indicates the likelihood that a given pixel is either 

a vessel or not. For each of the three datasets, we threshold a probability map with a value of 0.4 to produce the 

binary segmentation of retinal vessels. A blood vessel pixel is one whose predicted value on the probability map 

exceeds the threshold; otherwise, it is regarded as a background pixel. We applied the well-known, standard 

evaluation metrics for deep learning models in the segmentation and analysis of medical images. By comparing 

our developed algorithm for the segmentation of retinal vessels to the publicly available ground truth from 

experts, we hope to assess its performance. The abbreviations TP, FP, TN, and FN stand for true positive, false 

positive, true negative, and false negative, respectively. The metrics for evaluation are SN, specificity (SP), and 

ACC. 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =  𝑇𝑜𝑡𝑎𝑙 𝑇𝑃 
 ...................... 

(1) 

 𝑇𝑜𝑡𝑎𝑙 𝑇𝑁  

𝑇𝑜𝑡𝑎𝑙 𝑇𝑁+ 𝑇𝑜𝑡𝑎𝑙 𝐹𝑃 .................................................................................................................. (2) 

 𝑇𝑜𝑡𝑎𝑙 𝑇𝑃 +𝑇𝑜𝑡𝑎𝑙 𝑇𝑁  

𝑇𝑜𝑡𝑎𝑙 𝑇𝑃+𝑇𝑜𝑡𝑎𝑙 𝐹𝑃+𝑇𝑜𝑡𝑎𝑙 𝑇𝑁+𝑇𝑜𝑡𝑎𝑙 𝐹𝑁 

𝐴𝑈𝐶 =  𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 +𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦  ................... (4) 

 

 

 

Figure: 2 Comparative result analysis of sensitivity of DRIVE Image employed proposed method, CNN, MF-

RNN and MU-net. 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 = 
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Figure (2) depicts that the value of proposed is better than the other three methods, in which the value of 

proposed is displayed as 99.52 which is a better performance, while the value of CNN is 97.53. And the MF-

RNN value is 97.45, which is better, and the MU- net value is also performing better, which is 96.23. 

 

Figure: 3 Comparative result analysis of specificity of DRIVE Image employed proposed method, CNN, MF-

RNN and MU-net. 

Figure (3) depicts that the value of proposed is better than the other three methods, in which the value of 

proposed is performed as follows: 98.91 which is a better performance, while the value of CNN is 97.95. And the 

value of MF-RNN is 97.02, which is better, and the value of MU- net is also performing better, which is 96.45. 
 

 

Figure: 4 Comparative result analysis of accuracy of DRIVE Image employed proposed method, CNN, MF-

RNN and MU-net. 

Figure (4) depicts that the value of proposed is better than the other three methods, in which the value of 

proposed is performed as follows: 99.55 which is a better performance, while the value of CNN is 97.41 And the 

value of MF-RNN is 97.85, which is better, and the value of MU-net is also performing better, which is 96.85. 
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Figure: 5 Comparative result analysis of AUC of DRIVE Image employed proposed method, CNN, MF-RNN 

and MU-net. 

Figure (5) depicts that the value of proposed is better than the other three methods, in which the value of 

proposed is performed as follows: 99.45 which is a better performance, while the value of CNN is 97.31 And the 

value of MF-RNN is 97.88, which is better, and the value of MU-net is also performing better, which is 96.91. 

V. Conclusion & Future work 

In this paper, we propose a model for automatic retinal vessel segmentation. Our model incorporates histogram 

equalization to enhance the preprocessing stage of channel extraction. In the extension path of the CNN, fully 

connected (FC) layers are utilized to facilitate the flow of information from the encoder to the decoder, 

effectively reducing noise and enabling the decoder to focus on processing relevant boundary-related 

information. To address the challenge of recovering fine details, adaptive up sampling is employed, which 

captures the correlation information between feature maps and improves the recovery performance of small 

vessels. The feature maps are then scaled to the same size as the input image to achieve pixelwise prediction. Our 

method was validated on the DRIVE dataset, and experimental results demonstrated that our approach 

outperforms existing methods, including CNN [14], MF-RNN [18], and MU-Net [39], in retinal vessel 

segmentation. 
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