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ABSTRACT 

Diabetic Retinopathy (DR) develops as a microvascular diabetes complication that affects the retinal blood 

vessels and causes vision loss that could become permanent unless diagnosed and treated appropriately. 

Research on deep learning-based detection of DR has gained extensive popularity due to improvements in 

medical image processing and neural network designs. The DiabDHS-Net model uses DenseNet201 with 

the Human Evolutionary Optimization Algorithm (HEOA) and Softmax classifier for automated DR 

detection. The novelty of this model is that DenseNet extracts dense features with maximum information 

retention, and HEOA optimizes networks to find distant global solutions suitable for medical applications. 

The identification process for the fovea region depends on FGK Clustering (Fuzzy Gustafson-Kessel) to 

achieve high accuracy results. Experimental investigation in the Messidor dataset demonstrates that the 

proposed model surpasses existing models by achieving 99.53% accuracy, 99.12% precision, 99.67% recall, 

and 98.9% F1-score, along with 99.81% specificity. ROC curve and feature importance plots prove that 

the model distinguishes different DR severity levels (No DR, Mild DR, Moderate DR, Severe DR) with high 

levels of sensitivity and specificity. 
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I. INTRODUCTION  

The complication of microvascular disease known as DR 
progressively reacts to diabetes, causing damage to the retinal 
blood vessels and eventually impaired vision and blindness at 
the final stage [1-3]. DR has become the dominant preventable 
cause of blindness because the prevalence of diabetes 
worldwide continues to increase and mostly affects people 
between working ages. The disease moves from non-
proliferative DR through several stages, until it turns into 
severe proliferative DR that includes abnormal blood vessel 
growth and hemorrhages [4-8]. Early identification of 
microaneurysms along with hemorrhages, exudates, and 
neovascularization in the retina requires immediate treatment 
and intervention [9]. Standard clinical examinations of the eyes 
through fundus imaging, together with fluorescein 
angiography, require skilled interpretation. However, such an 
analysis often takes a significant amount of time while showing 
variability between different observers [10-15]. 

Early detection of DR is critical, as the disease is often 
asymptomatic in its early stages [16-18]. If left untreated, it can 
result in irreversible vision loss due to retinal detachment or 
macular edema [19-21]. Early intervention with laser 
photocoagulation, anti-VEGF therapy, or vitrectomy can 
significantly reduce the risk of vision impairment [22-25]. The 
key contributions of this work include the development of 
DiabDHS-Net, an optimized deep learning model that 
integrates DenseNet201, the Human Evolutionary Optimization 
Algorithm (HEOA), and a softmax classifier for effective DR 
classification. A user-friendly GUI was created to facilitate the 
entire diagnostic process, including image acquisition, 
preprocessing, segmentation, feature extraction, and 
classification. Fovea localization was improved using Fuzzy 
Gustafson-Kessel (FGK) clustering to improve region-based 
feature extraction.  

II. RELATED WORKS 

In [26], the RSG-Net model was proposed to classify DR 
into four classes. However, models with a heavy reliance on 
convolutional layers raise computational demands, potentially 
limiting deployment in environments with limited hardware 
resources. In [27], EfficientNet was used to diagnose DR, but 
its architectural complexity, while contributing to its high 
performance, requires extensive computational resources, 
which may be a limiting factor in resource-constrained 
environments. In [28], EfficientNetB0 was used for the same 
purpose. The challenge with EfficientNetB0 is its sensitivity to 
hyperparameter settings, which can complicate the model's 
application across diverse datasets without significant tuning. 
In [29], a CNN was customized to enable targeted feature 
learning. However, such approaches may not generalize well 
across different types of DR, limiting their use in broader 
clinical applications. 

In [30], VGG Net was used, with its extensive architecture 
resulting in high computational load and slower inference 
times, making it unsuitable for real-time analysis. In [31], 
DenseNet121 was used, as its depth enables robust feature 

extraction, but at the expense of increased computational 
demands, particularly during training and operational 
deployment. In [32], a basic CNN was used with ADAM 
optimization, which was less computationally demanding but 
may lack the depth needed to effectively capture complex 
patterns, limiting its efficacy. In [33], a hybrid deep learning 
model combined Histogram Gradient Boosting (HGB) and 
Support Vector Machines (SVM). The use of multiple models 
in a hybrid approach adds complexity and may present 
difficulties in model tuning and data preprocessing. 

III. PROPOSED SYSTEM 

The proposed method for detecting DR, as shown in Figure 
1, utilizes a comprehensive process that incorporates a GUI for 
medical image processing. It integrates the FGK clustering 
algorithm for exact region of interest (fovea) identification, 
morphological operations for feature enhancement, and an 
advanced classification model, DiabDHS-Net, including 
evolutionary optimization. Initially, retinal images are loaded 
from a dedicated database into the GUI. These images are then 
standardized to uniform dimensions to facilitate consistent 
analysis. 

 

 

Fig. 1.  Block diagram of the proposed method. 

A. Preprocessing 

All retinal images were resized to a uniform dimension 
using bilinear interpolation and normalized between [0,1] to 
ensure uniform pixel distribution. Contrast enhancement and 
noise reduction were applied to improve vessel visibility and 
feature extraction quality. 
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where ���������  is the original image matrix, and �
�_����ℎ 

and �
�_ℎ
��ℎ� are the dimensions of the resized image. 

������ �  ����������∶, ∶ 2!    (2) 

where ������ represents the green channel of the image. 

The fovea is identified as the region of interest using the 
FGK clustering algorithm, which allows flexible membership 
degrees [34]. FGK clustering dynamically adjusts the shape of 
each cluster using an adaptive covariance matrix, making it 
highly suitable for fovea detection where elliptical structures 
dominate. 
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where $  represents the membership matrix,%  represents the 
centers matrix, (�)  represents the membership degree of data 
point 4 in cluster �, ,) represents a data point, .� represents the 
center of cluster �, 5 represents the covariance matrix adjusting 
the distance metric, 6 is the number of clusters, � represents the 
number of data points, and 7  represents the fuzziness 
parameters. 

Morphological operations such as dilation and erosion are 
applied to enhance the visibility of specific retinal structures. 

�����8�� � �⨁:    (4) 

where �����8��  represents the image after dilation, � represents 
the input image, and : represents the structured element used 
for dilation 

������� � � ⊝ :    (5) 

where �������  represents the image after erosion 

Statistical and textural features are extracted to characterize 
the region effectively. 
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where <  represents the mean intensity of the region, ��  
represents the intensity value of the �8> pixel, and ? represents 
the total number of pixels in the region 
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where @ represents the entropy of the region, A#�& represents 

the probability of occurrence of the �8>  intensity level, and E 
represents the number of possible intensity levels 
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where I#�, H& represents the co-occurrence matrix probability 
value for pixel intensities, and U and  V represent the mean and 
standard deviation of the intensities. 

The extracted features are classified using the DiabDHS-
Net model, which includes evolutionary optimization. The 
population initialization is given by  

,� � W ∙ ,�K2 ∙ #1 - ,�K2&   (12) 

,Z� � B[ \ #([ - B[& ∙ ,�   (13) 

where ,�  represents the position of the �8>  individual in the 
population, W  represents the logistic map parameter, and ([ 
and B[  represent the lower and upper bounds of the search 
space. HEOA mimics human decision evolution using chaotic 
population initialization and iterative improvement strategies, 
making it effective for selecting high-impact features in 
complex medical datasets. 
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where ]8,� represents the current position of the �8> individual, 

]d��8  represents the best position found so far, and <G,��
	 
represents the maximum number of iterations. 
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where I#R � 4|,&  represents the probability of the class 4 
given features, and ^) represents coefficients for class 4 

Performance evaluation is carried out using: 
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B. Proposed Model  

The deep learning architecture DiabDHS-Net, shown in 
Figure 2, serves medical image classification to identify DR in 
diagnosis processes. The network structure unites DenseNet 
201 with HEOA and a softmax classifier.  

 

 

Fig. 2.  Diagram of the proposed DiabDHS-Net. 

C. Algorithm of DiabDHS-Net Model Architecture: 

The algorithm below details each step of the process, from 
initialization to classification, for deep learning and 
optimization implementation. 
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Algorithm of the proposed DiabDHS-Net 

Architecture 

1. Initialize: 

   Load DenseNet201 

   Set HEOA parameters: alpha, lb, ub,  

   MaxIter 

2. Preprocess Image: 

   Input retinal image 

   Resize and normalize 

3. Extract Features: 

   Pass the image through DenseNet201 

   Concatenate features from key layers 

4. Optimize Features (HEOA): 

   Initialize population with features 

   Apply chaotic mapping: 

   For iter = 1 to MaxIter: 

     Evaluate fitness,  

     Apply selection, crossover, mutation 

5. Classify: 

   Input optimized features to softmax 

   Predict the class with the highest  

   probability 

6. Output: 

   Return predicted class and confidence 

   Optionally show feature maps and logs 

 

IV. RESULTS AND DISCUSSION 

The Messidor dataset was created to help researchers with 
computer-aided diagnosis (CAD) of DR [25]. It includes 1,200 
retinal fundus images obtained from three ophthalmologic 
departments. The dataset assigns a Retinopathy Grade (0-3) 
based on the severity of the DR. Since 1,200 images are 
insufficient for deep learning models, the dataset was 
augmented to 100,000 images using various techniques based 
on the prevalence of severity levels of DR. The severity labels 
for DR (No DR, Mild, Moderate, Severe) were adopted from 
the Messidor dataset's reference annotations, which are based 
on clinical retinal grading protocols. The distribution of the 
dataset is shown in Table I and Figure 3. 

TABLE I.  DATASET DISTRIBUTION AND SPLIT 

Retinopathy grade Total images Split (Train/Val/Test) 

0 - No DR 20,000 14,000/2,000/4,000 

1 - Mild DR 20,000 14,000/2,000/4,000 

2 - Moderate DR 25,000 17,500/2,500/5,000 

3 - Severe DR 35,000 24,500/3,500/7,000 

Total 100,000 70,000/10,000/20,000 

 
Figure 4 shows a retinal fundus image derived from a non-

mydriatic fundus camera [25]. The conversion of the image to 
grayscale, as shown in Figure 5, serves as a requirement for 
feature extraction procedures. Figure 6 depicts the enhanced 
image, which was created using contrast adjustments and noise 
reduction.  

 

Fig. 3.  Overall dataset distribution chart. 

 

Fig. 4.  Retinal fundus image. 

 

Fig. 5.  Grayscale image. 

 

Fig. 6.  Enhanced image. 

Morphological operations were then performed. Figure 7 
shows the dilated image, where dilation expands bright regions, 
making vessels and lesions more visible. Figure 8 depicts the 
eroded image, in which erosion reduces unwanted noise and 
removes small artifacts. In Figure 9, the difference image is 
created by subtracting the eroded image from the dilated image. 
Blood vessel segmentation comes next, as shown in Figure 10, 
where blood vessel detection is successfully extracted. 



Engineering, Technology & Applied Science Research Vol. 15, No. 5, 2025, 26874-26882 26878  
 

www.etasr.com Shaik et al.: Enhanced DR Screening Using DiabDHS-Net: A Deep Learning Approach with FGK … 

 

 

Fig. 7.  Dilated image. 

 

Fig. 8.  Eroded image. 

 

Fig. 9.  Difference image. 

  

Fig. 10.  Blood vessel detection. 

After blood vessel extraction, the thinning operation is 
performed, resulting in the refined vascular map, as shown in 
Figure 11. Single pixel width simplification of vessel structures 
during this step maintains topological accuracy by removing 
extra pixels. Figure 12 represents the final retinal vessel 
detection image, demonstrating the processed retinal vascular 
network that reveals key areas of capillary dropout.  

 

 

Fig. 11.  Thinning operation. 

  

Fig. 12.  Vessel detection. 

Table II shows an accuracy comparison, where the 
proposed model outperforms the previous best-performing 
model, RSG-Net (99.36%) [26]. Figure 13 depicts this 
comparison graphically.  

TABLE II.  ACCURACY COMPARISON 

Model Accuracy (%) 

RSG-Net [26] 99.36 

EfficientNet [27] 94 

EfficientNetB0 [28] 91 

Customized CNN [29] 90 

VGG Net [30] 97 

DenseNet121 [31] 96.11 

Basic CNN with ADAM optimizer [32] 71.85 

Hybrid DL (HGB + SVM) [33] 96.9 

Proposed model 99.53 

 
Table III focuses on precision, which is an important 

indicator of how many of the identified positive cases are 
correct. The proposed model achieved a precision of 99.12%, 
outperforming others. Figure 14 shows a visual comparison, 
demonstrating the proposed model's effectiveness in making 
accurate positive predictions. Table V and Figure 16 compare 
F1-scores, a balanced metric that takes into account both 
precision and recall. The proposed model achieved an F1-score 
of 98.9%, outperforming all other models.  

TABLE III.  PRECISION 

Model Precision (%) 

EfficientNet [27] 87 

EfficientNetB0 [28] 97.03 

Customized CNN [29] 88 

VGG Net [30] 95 

Basic CNN with ADAM optimizer [32] 72 

Hybrid Deep Learning (HGB + SVM) [33] 96.9 

Proposed Model 99.12 
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Fig. 13.  Accuracy comparison plot. 

 

Fig. 14.  Precision comparison plot 

 

Fig. 15.  Recall comparison plot. 
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Fig. 16.  F1-score comparison plot. 

TABLE IV.  RECALL COMPARISON 

Model Recall (%) 

EfficientNet [27] 87 

EfficientNetB0 [28] 95.48 

Customized CNN [29] 98 

VGG Net [30] 91 

Basic CNN with ADAM optimizer [32] 73 

Hybrid Deep Learning (HGB + SVM) [33] 96.9 

Proposed Model 99.67 

TABLE V.  F1-SCORE COMPARISON 

Model F1-score (%) 

EfficientNet [27] 86 

Customized CNN [29] 93 

Basic CNN with ADAM optimizer [32] 71 

Hybrid Deep Learning (HGB + SVM) [33] 96.9 

Proposed Model 98.9 

 
Table VI compares specificity, which measures how well 

each model correctly identifies negative cases. The proposed 
model achieved the highest specificity at 99.81%. Figure 17 
depicts the specificity comparisons, demonstrating the 
proposed model's ability to accurately exclude negative cases. 

TABLE VI.  SPECIFICITY COMPARISON 

Model Specificity (%) 

RSG-Net [26] 99.79 

Proposed Model 99.81 

 

 

Fig. 17.  Specificity comparison plot.  

As shown in Figure 18, the ROC-AUC scores achieved for 
each class were: No DR 0.963, Mild DR 0.945, Moderate DR 
0.954, and Severe DR 0.935.  

 

 

Fig. 18.  ROC curves and AUC for DR severity levels. 

These high ROC-AUC values confirm the effectiveness of 
the model in distinguishing between DR severity levels. 
DiabDHS-Net has strong potential for integration into clinical 
screening programs and teleophthalmology platforms. Its 
ability to automatically detect the severity levels of DR with 
high precision can assist clinicians in early diagnosis, reduce 
the screening workload, and support remote real-time 
consultations in underserved regions. 

V. CONCLUSION 

The DiabDHS-Net model combines DenseNet201, HEOA, 
and a softmax classifier to effectively address automated DR 
detection, providing high classification accuracy. Built within a 
MATLAB-based GUI, the system streamlines image 
acquisition, preprocessing, segmentation, and fovea 
localization using FGK clustering, while enhancing blood 
vessel visibility through morphological operations. Trained on 
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a robust 100,000-image dataset, derived from augmented 
Messidor images, the model handles variations in lighting, 
orientation, and capture conditions. The proposed model 
achieved excellent performance with 99.53% accuracy, 99.12% 
precision, 99.67% recall, 98.9% F1-score, and 99.81% 
specificity, outperforming models such as RSG-Net, 
EfficientNet, and hybrid deep learning approaches. ROC-AUC 
curves and feature importance analyses further confirm its 
effectiveness across DR severity levels, making it suitable for 
telemedicine applications. The model balances computational 
efficiency and predictive accuracy, addressing key limitations 
of current solutions.  
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