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Abstract 

 Diabetic retinopathy (DR) is a widespread and severe complication of diabetes mellitus that 

can ultimately result in vision loss or blindness. Precise identification of the different stages 

of DR is crucial for ensuring early diagnosis and appropriate treatment. In this study, a novel 

approach is proposed to enhance DR classification by accurately detecting retinal lesions in 

fundus images. This paper has proposed Elephant Herd Based Diabetic Retinopathy Image 

Classification (EHDRIC) model that optimize input feature image by transforming spatial 

values into discrete cosine frequency feature. Transformed feature is optimized by elephant 

herd algorithm. Extracted Effective coefficient features of images were used for the 

distribution feature. This distribution reduces the dimension of the input feature for the 

training of the recurrent neural network. Experiment was done on real dataset of diabetic 

retinopathy images and result shows that proposed EHDRIC has improved the correct class 

detection accuracy.  

Keywords- Medical image diagnosis, Frequency Feature, Clustering, DIP. 

1. INTRODUCTION 

Diabetic Retinopathy (DR) is one of the most serious complications of diabetes, but early 

diagnosis and proper treatment can greatly reduce the risk of vision loss. This highlights the 

need for effective diabetes management and regular eye screening among diabetic patients. 

DR is a condition that affects vision due to damage to the blood vessels in the retina, which is 

the light-sensitive layer located at the back of the eye [1]. The retina plays a vital role in 

processing visual information and transmitting it to the brain through nerve signals [2]. It 

receives nutrients through fine micro-vessels, and maintaining stable blood glucose levels is 

essential for proper blood flow [3]. However, even in pre-diabetic conditions, elevated blood 

sugar can damage these micro-vessels. Over time, this damage may cause the vessels to 

swell, leak fluid, or bleed, leading to Diabetic Retinopathy [4]. As the condition progresses, it 

can result in severe vision impairment and is considered a leading cause of permanent 

blindness worldwide [5]. The severity of DR is typically evaluated by ophthalmologists 

through the analysis of lesions present in retinal fundus images [2]. 

Diabetic Retinopathy (DR) is diagnosed using several well-established clinical methods. The 

most common approach is a comprehensive dilated eye examination, in which eye drops are 

used to widen the pupils so that the doctor can closely inspect the retina and its blood vessels 

for any abnormalities [11]. Another important technique is fluorescein angiography (FA), 

where a special dye is injected into the bloodstream and tracked as it flows through the retinal 
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vessels, allowing detection of leakage or damaged areas using captured images [7]. Optical 

coherence tomography (OCT) is also widely used, as it provides high-resolution cross-

sectional images of the retina, helping in the identification of structural changes such as 

early-stage macular edema and other subtle abnormalities [8]. 

With recent advancements in healthcare technology, computer-aided diagnosis (CAD) 

systems have become highly useful for the early detection of DR [9]. These systems provide 

a cost-effective and efficient way to analyze retinal fundus images, assisting clinicians in 

distinguishing between mild and severe cases, and identifying patients who need immediate 

medical attention [10]. Furthermore, the development of artificial neural networks (ANNs) 

has led to more sophisticated machine learning (ML) and deep learning (DL) approaches, 

which are increasingly being integrated into modern healthcare systems. These AI-based 

methods have shown strong performance in medical image analysis, making them valuable 

tools for accurate and automated DR diagnosis [11], [12]. 

Rest of paper is organized into few section of where very next section brief the various work 

done by researchers for medical image diagnosis. Further paper has detailed the Elephant 

Herd Based Diabetic Retinopathy Image Classification (EHDRIC) model by algorithm and 

numerical steps. Finally results were compared with existing model of diabetic medical 

classification.  

2. RELATED WORK 

In [13], M. S. B. Phridviraj and colleagues presented a deep learning-based approach for 

detecting diabetic retinopathy using retinal fundus images. Their method applies deep 

learning techniques at different stages of the diagnostic pipeline proposed a model to identify 

and classify various stages of DR. As a preprocessing model to enhance image quality and 

improve contrast in fundus images. However, the performance of the Retinex method largely 

depends on selecting suitable parameters such as Gaussian scales, gain, and offset, which can 

be challenging. The study mainly focuses on optimizing these parameters to achieve better 

enhancement results. After preprocessing, the enhanced images are passed through an 

EfficientNet-based feature extractor to generate meaningful feature vectors, which are then 

used for accurate DR classification. 

In [14], Fernando K. Malerbi and colleagues conducted a study in which retinal fundus 

images were captured using a portable camera system. These images were automatically 

analyzed using deep learning models, namely the retinal alteration score (RAS) and diabetic 

retinopathy alteration score (DRAS), both based on convolutional neural networks trained on 

EyePACS data and further fine-tuned with images obtained from portable devices. The final 

diagnosis (ground truth) was determined through expert evaluation by three certified 

ophthalmologists.  

Zeru Hai et al. [15] proposed a DRGCNN model for grading diabetic retinopathy. To handle 

the issue of imbalanced data, the model distributes feature channels evenly across different 

DR classes. Additionally, the study introduced a CAM-EfficientNetV2-M encoder to 

effectively extract feature representations from retinal fundus images.  
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D. Dhinakaran in [16] presented a Semi-Supervised Graph Learning (SSGL) approach for 

DR detection, which utilizes both labeled and unlabeled data to improve learning 

performance. The method enhances accuracy, sensitivity, and specificity while addressing 

class imbalance, and incorporates advanced data augmentation along with personalized risk 

prediction. Experimental results on public datasets demonstrated that this approach 

outperforms existing benchmark models. 

In [17], Luo et al. proposed a convolutional neural network that captures both local features 

and long-range dependencies for detecting diabetic retinopathy. Their approach uses patch-

based relationships within retinal images to better handle the spatial variation of lesions, 

improving feature extraction. The results showed higher accuracy on the Messidor and 

EyePACS datasets compared to existing methods, demonstrating the effectiveness of 

integrating long-range information into the model. 

K. R. Poranki in [18], the authors introduced a hybrid model for diabetic retinopathy 

detection and grading. To overcome the issue of imbalanced data, they applied the SMOTE 

technique to balance the distribution across different DR severity levels. The model then 

employs a Deep Graph Convolutional Network (DGCN) to extract meaningful, class-specific 

features using graph-based relationships. Finally, these features are classified using an 

XGBoost classifier, achieving strong performance in terms of accuracy, sensitivity, and 

specificity. Experimental results on the EyePACS and Messidor datasets confirmed that this 

hybrid approach outperforms several existing techniques, highlighting the advantage of 

combining graph-based learning with ensemble methods. 

3. PROPOSED MODEL 

In this section paper has brief the proposed Elephant Herd Based Diabetic Retinopathy Image 

Classification (EHDRIC). Flow of training model is done in fig. 1 where each block of flow 

is detailed with equation. In this work input is raw image dataset and model process each 

image for the next steps. Processed image was uses for feature extraction where elephant herd 

optimization algorithm improve the data quality. Extracted features is normalized further to 

train the learning model. In order to improve the detection accuracy image features were 

optimized. 

Raw Dataset Processing 

Input raw image matrix RIM is transform into square matrix where dimension is reset as per 

environment. Paper has processed the image further to transform the data into grey format. In 

order to improve the data quality image pass form the wiener filter and noise removed from 

the image.  

PIImage_Process(RIM) 

PI= wiener_Filter(PI) 

wiener estimates the local mean and variance around each pixel. 
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Fig. 1 EHDRIC block diagram of proposed model. 

Table 1 List of EHDRIC model notation. 

Notation Description 

RIM Raw Image Matrix 

PI Processed Image after preprocessing 

FIR Frequency Image Region obtained after DCT 

EP Elephant Population 

E Single Elephant 

c Number of clusters 

FIRxy Pixel coefficient at position (x, y) in FIR 

EPc Cluster center of the c-th elephant 

Ef Fitness value of an elephant 

Clan( ) Function to divide population into clans 
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CP Clan Population 

BE Best Elephant 

CIE Clustered Image Effective region 

CInE Clustered Image Non-Effective region 

IDF Intensity Distribution Feature 

 

Image Optimization and Feature Extraction 

Processed image is further transform into frequency region for the analysis. Discrete cosine 

transform is applied to the image for obtaining the frequency image region (FIR) of image. 

As image output region is further process for identifying the effective region that has 

differentiation values. So this work pass the frequency region image into elephant herd 

optimization algorithm. Optimization algorithm cluster image such that informative data that 

highly classify the image is in one cluster and non-informative region is in other cluster. 

FIRDCT(PI) 

Each coefficient in the image is transformed is cluster. Hence cluster center required for the 

image clustering. Elephant herd algorithm finds the cluster center of image. 

Generate Herd: In this step cluster center set of coefficients were generate. This work 

cluster image into c clusters. Each cluster center set is term as elephant in the work while the 

collection of set is term as Herd. 

EPElephant_Herd(FIR, c) 

So EP (Elephant Population) is herd and this is generate by random noise generation function 

Gaussian. Each elephant E is collection if c number of coefficient. 

Fitness Function As each elephant is random set of coefficient hence this need to be find that 

which set is good. To get the fitness of the elephants the distance between the coefficients 

were estimate. Each minimum different from the cluster center is sum and the total of 

difference value is terms as fitness of elephant. 

Input: EP, FIR 

Output: Ef 

• Loop 1:c 

• Loop 1:x // Number of row in FIR 

• Loop 1:y // Number of column in FIR 

• EfSum(Ef+Min(Coeff_Diff(EPc, FIRxy))) 

• EndLoop 

• EndLoop 
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• EndLoop 

In above algorithm difference value coefficient is sum final value is Elephant Fitness Ef. 

Based on this fitness value female elephant is selected as the matriarch of the Herd. 

Clan and Operator: Based on the fitness value herd is divide into clans and each clan has its 

own matriarch, as per the matriarch other elephant in clan move and change the population. 

So operator generate new elephant in the clan. This is obtained by the crossover operation in 

the work. Each elephant in clan do crossover operation with matriarch.  

CPClan(EP) 

EPCrossover(CP, EP) 

Separating Operator: Each clan in the network has include new set of elephant hence to 

maintain the solution complexity some of under fit elephants were removed. Hence estimate 

the fitness of the work. Elephant having low set of fitness is removed from the solution.  

Iteration Condition: After fix check max number of iteration count if not reach then move 

to clan and operator step otherwise cluster coefficient as per best cluster set. Final output of 

the algorithm BE (Better Elephant) is set of pixel that cluster the frequency feature of image. 

This paper has Cluster the Image into Effective (CIE) and non-Effective region (CInE). 

BEFitness_Function(EP) 

[CIE CInE]Cluster_DCT(BE, FIR) 

Intensity Distribution Feature: Effective region of image is further process to get the 

intensity distribution feature. This feature counts the similar coefficient values in the image. 

Each frequency coefficient value count is term as intensity distribution. In order to increases 

the intensity count in the work set of similar range coefficient values were made in the work. 

This help to reduce the feature count. Further work group the set into n number of sets for 

each image.  

IDFDistribution_Feature(CIR) 

Recurrent Neural Network  

Features extract from the work is pass in the recurrent neural learning model. At every time 

step, the network processes the current input along with the previous hidden state to update 

its internal memory, allowing it to capture spatial relationships across different regions of the 

image. As the sequence progresses, the hidden state accumulates important features that 

represent the overall structure of the image. After all parts of the image have been processed, 

the final hidden state serves as a compact representation of the entire image. This 

representation is then passed through a fully connected layer followed by a softmax function 

to produce class probabilities. 

TRNNRNN_Train(IDF) 

 

Proposed EHDRIC Algorithm 

Input: RIM 
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Output: TRNN 

1. PIImage_Process(RIM) 

2. PI= wiener_Filter(PI) 

3. Loop 1;n 

4. FIRDCT(PI) 

5. EPElephant_Herd(FIR, c) 

6. Loop 1:itr 

7. EfFitness_Function(EP, FIR) 

8. CPClan(EP) 

9. EPCrossover(CP, EP) 

10. EPUpate_Population(EP, Ef) 

11. EndLoop 

12. BEFitness_Function(EP) 

13. [CIE CInE]Cluster_DCT(BE, FIR) 

14. IDFDistribution_Feature(CIR) 

15. EndLoop 

16. TRNNRNN_Train(IDF) 

 

The proposed EHDRIC algorithm begins by taking the raw image matrix (RIM) as input and 

preprocessing it using image processing and Wiener filtering to obtain a noise-free processed 

image (PI). The processed image is then transformed into the frequency domain using DCT, 

and the Elephant Herd Optimization algorithm is applied to generate and iteratively refine the 

population based on fitness, clan formation, and crossover operations. After convergence, the 

best elephant (BE) is selected to cluster the image into effective (CIE) and non-effective 

(CInE) regions, from which intensity distribution features (IDF) are extracted. Finally, these 

optimized features are used to train the Recurrent Neural Network (TRNN) for accurate 

image classification. 

 

4. EXPERIMENT AND RESULTS 

Experimental Setup: The proposed model is implemented using MATLAB 2016a. All 

experiments are carried out on a system equipped with a 6th generation Intel i5 processor and 

8 GB of RAM. The performance of the model is further validated by comparing its results 

with the NSMHACNN method reported in [19]. The experimental results of the proposed 

approach are derived from a real-world dataset. A detailed description of the dataset and its 

features is provided in Table 2 [20]. 
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Table 2 Experimental dataset description. 

 

Healthy 

 

Mild DR 

 

Moderate 

 

Polirate 

 

Severe 

Image Size 256x256 

Format RGB 

Counts 2750 

Classes 5 

5. RESULTS 

Table 3 Precision value of diabetic retinopathy image classification models. 

Testing Image Count NSMHACNN [20] EHDRIC 

150 0.7097 0.7883 

200 0.7317 0.8064 

250 0.7324 0.7647 

400 0.7324 0.7647 

500 0.7525 0.7488 
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Fig. 2 Average precision value based comparison of models. 

Table 3 shows precision value of healthy and unhealthy retinopathy image classification 

comparing models. Use of elephant herd algorithm has improved the precision value of 

EHDRIC model by 5.53% as compared to NSMHACNN. Further it was shows in fig. 2 that 

with combination of frequency feature with color feature has increases the image 

classification detection value. 

Table 4 Recall value of diabetic retinopathy image classification models. 

Testing Image Count NSMHACNN [20] EHDRIC 

150 0.88 0.9243 

200 0.8571 0.9232 

250 0.8525 0.9136 

400 0.8525 0.9136 

500 0.8736 0.8976 

 

Recall values of table 4 shows that proposed EHDRIC has increases the work recall value of 

the model. It is shown in table 4 that use of discrete cosine feature and optimization by 

elephant herd has inmprove the recall values of the EHDRIC. Fig. 3 shows that recall value 

were improved by the 5.61% as compared to NSMHACNN. 
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Fig. 3 Recall value based comparison of models. 

Table 5 F-Measure value of diabetic retinopathy image classification models. 

Testing Image Count NSMHACNN [20] EHDRIC 

150 0.7857 0.8509 

200 0.7895 0.8609 

250 0.7879 0.8326 

400 0.7879 0.8326 

500 0.8085 0.8165 

 

 

Fig. 4 F-Measure value based comparison of models. 

F-measure values of the diabetic retinothy image classification models shown in table 5. 

EHDRIC model has increases F-measure value by 6.69% as compared to existing models. 
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Table 6 Accuracy value of Healthy image detection of diabetic retinopathy image 

classification models. 

Testing Image Count NSMHACNN [20] EHDRIC 

150 92 94.4646 

200 92 94.7786 

250 91.2 93.8405 

400 92.4324 93.8405 

500 92.8 93.2632 

 

Table 7 Accuracy value for Mild diabetic retinopathy image classification of models. 

Testing Image Count NSMHACNN [20] EHDRIC 

150 0.0323 0.1996 

200 0.0488 0.1982 

250 0.0392 0.1924 

400 0.0263 0.1924 

500 0.0198 0.19 

 

Table 8 Accuracy value for Moderate diabetic retinopathy image classification of models. 

Testing Image Count NSMHACNN [20] EHDRIC 

150 0.5161 0.5806 

200 0.5122     0.5976 

250 0.4706 0.6066 

400 0.507 0.6066 

500 0.4554 0.591 

 

Table 9 Accuracy value for Proliferate diabetic retinopathy image classification of models. 

Testing Image Count NSMHACNN [20] EHDRIC 

150 0.7097 0.5665 

200 0.7073 0.561 

250 0.6863 0.5233 
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400 0.686 0.5233 

500 0.6634 0.5433 

 

Table 10 Accuracy value for Severe diabetic retinopathy image classification of models. 

Testing Image Count NSMHACNN [20] EHDRIC 

150 0.1923 0.2505 

200 0.1944 0.2212 

250 0.2174 0.2762 

400 0.1818 0.2762 

500 0.1563 0.2576 

 

 

Fig. 5 Average accuracy percentage value based comparison of models. 

This paper has found that proposed EHDRIC model has improved the healthy image class 

detection accuracy of the work. Use of Recurrent neural network for image class detection 

with DCT and histogram feature has improve the work performance.  

6. CONCLUSION 

In conclusion, the proposed Elephant Herd Based Diabetic Retinopathy Image Classification 

(EHDRIC) model demonstrates an effective and robust framework for accurate disease 

detection. The integration of preprocessing techniques, including Wiener filtering and 

grayscale transformation, enhances image quality and reduces noise. The use of Discrete 

Cosine Transform enables efficient extraction of frequency-domain features, while the 

Elephant Herd Optimization algorithm significantly improves feature selection by clustering 

informative and non-informative regions. The extracted intensity distribution features provide 

a compact and discriminative representation of retinal images. Furthermore, the Recurrent 

Neural Network effectively learns spatial dependencies, leading to improved classification 

performance. Experimental results confirm that EHDRIC outperforms the existing 
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NSMHACNN model in terms of precision, recall, F-measure, and overall accuracy. It was 

shown that f-measure was improved by 6.69%, healthy image detection was improved by 

2.81%. In future scholars can improve the work by reducing the execution time of class 

detection. 
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