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Abstract:  Diabetic retinopathy (DR) is a progressive retinal disease and is a major contributor to irreversible blindness in diabetic 

patients globally. Recognizing retinal lesions early and correctly will be vital to preventing vision impairment and for timely clinical 

intervention. This study introduces an intelligent optimization-based framework for automated detection of diabetic retinopathy, where 

Improved Grey Wolf Optimization (IGWO) is used to preprocess the retinal images, Improved Whale Optimization Algorithm 

(IWOA) to segment lesions in the retinal images, Improved Artificial Bee Colony (IABC) to select features from the retinal images, 

and an Improved Fuzzy Support Vector Machine (IFSVM) to detect the diabetic retina. First, the images of the retina undergo 

enhancement for image contrast, reduction of noise and illumination variations with IGWO. The improved images are then segmented 

applying IWOA for precise estimation of the lesion regions. The image segments of the lesions are then used to extract comprehensive 

colour, texture and shape features, which are then optimized using IABC to remove redundant information while retaining highly 

discriminative features. Lastly, the optimized feature subset is classified by using the proposed IFSVM. The preprocessing stage of 

IGWO had a PSNR of 38.64 dB, SSIM of 0.986, MSE of 0.0042, entropy of 7.82, contrast improvement index of 2.06 and processing 

time of 0.78 s. The IWOA segmentation algorithm proposed in this paper achieved a Dice coefficient of 98.42%, IoU of 96.89%, 

sensitivity of 98.51%, specificity of 98.83%, precision of 98.46%, and overall segmentation accuracy of 98.68%. The IABC algorithm 

has only 82 informative features (with a feature reduction of 65.6%), and only 6.41s to optimize. The proposed Improved Fuzzy 

Support Vector Machine demonstrated superior classification accuracy (98.55%), precision (98.48%), recall (98.51%), F1-score 

(98.49%) and AUC (99.02%) compared to the rest of the conventional machine learning and deep learning methods. The robust 

performance of the proposed framework was also statistically validated by 5-fold cross validation with a mean accuracy of 98.55% 

with a standard deviation of 0.13% which resulted in statistically significant p-values less than 0.005 and narrow confidence intervals. 

Keywords: Grey Wolf Optimization, Support Vector Machine, Artificial Bee Colony, Differential Evolution, adaptive encircling, 

spiral search 

1. Introduction 

Diabetic retinopathy (DR) is a chronic eye condition which attacks the retina because of long- term diabetes mellitus. It appears 

in cases where, the constant elevation of blood sugar levels destroys the small blood vessels which take nutrients to the retina. These 

ruptured vessels can discharge fluid or blood which causes visual impairments. Abnormal new blood vessels can also develop on the 

surface of the retina in the progressive forms. One of the most common causes of visual loss and blindness in the world includes 

diabetic retinopathy [1]. It is usually common in individuals whose type 1 or type 2 diabetes is long term. The illness can proceed for 



a long time without any distinct symptoms in its initial stages. Loss of vision usually manifests itself in a case where the condition is 

critical. Therefore, in order to manage effectively, early detection is important. Diabetic retinopathy constitutes a significant concern 

among the general population because of the increase of diabetes in the world [2]. 

The ultimate cause of diabetic retinopathy is a lengthening of hyperglycemia which undermines the blood vessels of the retina. The 

presence of high blood sugar ruins the walls of the capillaries, which are likely to leak and become blocked [3]. Inadequate blood 

sugar regulation throughout several years is a high-risk factorp. High blood pressure also increases stresses on retinal vessels, making 

it faster to damage. High cholesterol level is one of the contributors of fatty deposits encountered in blood vessels in the retina [4]. 

The length of diabetes is also a very important factor, the shorter the disease the more risk sets in. Smoking also increases the vascular 

damage and impairs the oxygen uptake of the retinal tissues. Susceptibility is also dependent on genetic predisposition. Diabetes 

results in kidney disease, which contributes to the risk of retinopathy. Diabetic women may increase the rate of disease development 

during pregnancy. 

Microvascular damage in diabetic retinopathy causes impaired retinal supplies of oxygen. The retina in turn releases the growth factors 

that trigger the creation of new vessels. These newly born vessels are weak and they are likely to burst. Fluid effusion leads to retinal 

edema especially in the macula. The close-up of the capillaries leads to the ischemic regions within the retina. Accumulation of 

hemorrhage and exudates takes place over time. The formation of scar tissues could result in detachment of the retinal tissue. This 

damage leads to impairment of visual transmission of signals in a progressive manner [5]. In default of treatment, a permanent loss of 

vision can take place. The study of this process can assist in the designing of precise diagnosing systems. 

There are wide categories of diabetic retinopathy namely, non-proliferative and proliferative [6]. The initial phase of the disease is 

non-proliferative diabetic retinopathy (NPDR). It is also marked by microaneurysms, hemorrhages, and exudates [7]. NPDR can be 

mild, moderate or severe based on the damage caused to the vessels [8]. The advanced stage is proliferative diabetic retinopathy (PDR) 

[9]. It deals with unnormal development of new blood vessels on the retina. These vessels may bleed into the vitreous humour. PDR 

is accompanied by a high risk of loss of vision. Diabetic macular edema may happen at any phase. It is the cause of vision impairment 

that is foremost among diabetic patients. 

The early diabetic retinopathy is not always characterized by visible symptoms. Disease may progress, causing blurred or fluctuating 

vision to the patient. The internal bleeding can manifest as dark spots or floaters. Impaired night vision is usually reported. Visual 

impairment may also be the result. It can also occur when the macular edema occurs, leading to a central vision problem. Severe vision 

can be experienced on a sudden basis at advanced stages. Fulfilling everyday tasks like reading and driving becomes hard. The disease 

is a major cause of the decrease in the quality of life. To put these impacts to the minimum, there is the need to screen early. 

Through adequate control of diabetes, diabetic retinopathy is either averted or postponed [10]. The most vital preventive action is to 

maintain the ideal levels of blood glucose. The fluctuations are controlled by monitoring blood sugar regularly. Maintaining blood 

pressure lowers the straining of blood vessels of the heart to the retina. Healthy cholesterol will stop blockage of vessels. Exercise 

treats the general vascular health. Balanced diet facilitates the control of metabolism. Quitting smoking reduces the risk of disease 

development to a significant level. Early detection is made possible through routine eye checkups. Awareness and education of the 

patient is very essential in case of prevention. 

Fundus photography and ophthalmoscopy are regarded as the traditionally used clinical diagnosis methods [11]. Retinal images are 

ophthalmologically examined manually to detect lesions. Angiography is also saw as fluorescein testing to see the leakage of blood 

vessels. Optical coherence tomography is used in determining the retinal thickness. Such techniques need special machinery and 

professional interpretation. Assessment by hand is time consuming and is subjective. Diagnostic consistency may be influenced by 

the inter-observer variability. Early lesions can be ignored because these lesions are inconspicuous. It becomes hard to screen masses 

of people. Such constraints encourage automatic detection methods. 



The development of recent artificial intelligence and deep learning-based diagnostic systems has been achieved. Convolutional neural 

networks are machine learning features on fundus images [12-14]. Computer-aided diagnosis systems are helpful in screening to 

ophthalmologist [15]. Transfer learning enhances performance by using small datasets. Image processing and machine learning are 

combined in hybrid models [16-17]. Screening services that are cloud-based are able to be diagnosed remotely. Fundus cameras that 

are operated using smartphones enhance availability. Explainable AI increases the confidence in automated decisions. Multi-moding 

imaging enhances the accuracy of the diagnosis. These technologies save a lot of cost in terms of screening time and cost. 

Automated detecting of diabetic retinopathy is a crucial part of the task with the involvement of optimization algorithms [18-20]. They 

enhance lesion localization by perfectly separating the lesions. The redundancy of features or irrelevant features are eliminated by 

feature selection optimization. Particle Swarm Optimization (PSO), Grey Wolf Optimizer (GWO), Artificial Bee Clony (ABC), and 

Beetle Annealing Search (BAS) algorithms are algorithms that improve feature discrimination [21-22]. Optimization enhances the 

tuning of the parameters of the classifier to enhance accuracy. It assists in equalizing sensitivity and specificity in diagnosis. 

Dimensionality reduction enhances computational efficiency. Optimization eliminates local minima of learning models. It improves 

its resilience to noise and lighting differences. All in all, the use of optimization enhances the effectiveness of detection systems. 

Diabetes retinopathy will lead to blindness which can be prevented when cases are detected early. The development of technologies 

has changed the model of traditional diagnostics. Large scale and high-speed screening is possible with automated systems. Detection 

algorithms are used to optimize each step of the detection pipeline. The early diagnosis will diminish the burden of treatment and 

healthcare expenses. 

2. Novel Contributions 

The key novel contributions of this work are: 

1. An Improved Grey Wolf Optimization (IGWO) based preprocessing technique is proposed to improve the quality of retinal fundus 

image for further analysis by simultaneously optimizing the contrast of retinal image, noise reduction and illumination variation. 

2. An Improved Whale Optimization Algorithm (IWOA) is developed to accurately segment the retinal lesions so that the 

localization of the significant lesions can be accurately achieved while preserving the boundaries of the lesions and keeping the 

segmentation errors low. 

3. An Improved Artificial Bee Colony (IABC) algorithm is proposed to select a most informative feature subset so that redundant 

and irrelevant features are removed, which can reduce the feature dimensionality and enhance computational efficiency. 

4. To improve classification performance, an Improved Fuzzy Support Vector Machine (IFSVM) is proposed that incorporates fuzzy 

decision mechanisms to cope with uncertainty, noise and overlapping class distributions in the retinal image analysis problem. 

3. Methodology 

The preprocessing of fundus images to eliminate noise, increase contrast, and balance out illumination differences is then used as the 

methodology. Segmentation of lesion regions takes place in an optimization-based mechanism of ensuring the accurate identification 

of important areas. Complete color, texture and shape features are obtained out of the segmented lesions in various color spaces. Then 

to enhance the performance of the algorithm; an Improved Artificial Bee Colony algorithm is used to optimize and select the most 

discriminative features. The set of optimized features is activated in an Improved Fuzzy Support Vector Machine to find the 

classification of robust lesions. Figure 1 shows the methodology flow. 

4. Material 
The proposed technique has been tested on Indian Diabetic Retinopathy Image Dataset (IDRiD) [23]. The dataset consists of 81 retinal 

fundus images with expert annotated lesions of Microaneurysms (MA), Haemorrhages (HE), Hard Exudates (EX), and Soft Exudates 

(SE) and optic disc annotation for lesion segmentation experiments. The dataset has 516 retinal fundus images, with 413 images used 

for training and 103 images used for testing, for disease grading. The set of experiments in this paper were conducted using the default 



partition of the IDRiD dataset. For the segmentation and disease grading data set, the images were split into 64 training images (80%) 

and 17 testing images (20%) and 413 training images and 103 testing images, respectively. 

 

Figure 1. Methodology Flow 

5. Preprocessing 

Fundus images are necessary to improve contrast induced by imbalanced illumination, retinal variability, and imaging conditions 

among others through preprocessing the image to remove noise and bestow contrast. It enhances the visualization of lesions and 

provides dependable segmentation, feature extraction and identity. 



Regular misuse of Standard Grey Wolf Optimizer (GWO) [24] can converge too early or excessively exploit the local optimum, 

particularly in the process of optimization of preprocessing parameters like CLAHE clip limits [25], morphological structuring element 

size, or multilevel thresholds. 

Improved GWO (IGWO) is more performance efficient with adaptive control parameters, nonlinearity convergence, and local 

perturbation mechanisms, which suit fundus lesion enhancement, optimizing the segmentation. 
A group of fundus preprocessing parameters: 𝑋⃗ = [ܿ஼௅஺ுா , ݇௙௜௟௧௘௥ , ௌாݏ , 1ܶ, 2ܶ, … ] (1) 

Whereܿ஼௅஺ுா = ,ݐ݈݅݉݅݌݈݅ܿܧܪܣܮܥ ݇௙௜௟௧௘௥ = ,݁ݖ݅ݏ݈݁݊ݎ݁݇ݎ݁ݐ݈݂݅ ௌாݏ = ,݁ݖ݅ݏݐ݈݊݁݉݁݁݃݊݅ݎݑݐܿݑݎݐ ௜ܶ =  .ݏ݈݁ݒ݈݈݁݀݋ℎݏ݁ݎℎݐ
The fitness function compares the visibility of lesion and the quality of segmentation: ݏݏ݁݊ݐ݅ܨ == 1ݓ ⋅ Entropy + 2ݓ ⋅ PSNR + 3ݓ ⋅ EdgeStrength − 4ݓ ⋅ MSEݓ (2) ݏݏ݁݊ݐ݅ܨℎ݁1ݓ݁ݎ + 2ݓ + 3ݓ + 4ݓ = 1 

This goal guarantees better contrasts, outline edges, and low noise. ⃗⃗⃗ܦ = ܥ⃗| ⋅ 𝑋௣⃗⃗ ⃗⃗ ⃗ − 𝑋⃗(ݐ)| (3) ܶℎ݁Vectors ⃗ܣ = 2ܽ ⋅ 1⃗⃗⃗ݎ ⃗ − ܥ⃗⃗ ܽ = 2 ⋅ 2⃗⃗⃗⃗ݎ  

(4) 

in which case a is linearly decreasing between 2 and 0 with respect to 1⃗⃗⃗ݎ ⃗, 2⃗⃗⃗⃗ݎ ∈ [0,1]. 
IGWO uses instead of linear decay: ࢇ(࢚) = ૛ (૚ −  (૛(ࢀ࢚)

(5) 

This enhances the exploration and subsequent exploitation [26]. ࡰહ⃗⃗ ⃗⃗ ⃗⃗ = ૚⃗⃗࡯| ⃗⃗ ⃗ ⋅ હ⃗⃗⃗⃗⃗⃗ࢄ − ઺⃗⃗⃗⃗ࡰ |ࢄ⃗⃗⃗ ⃗⃗ = ૛⃗⃗࡯| ⃗⃗ ⃗ ⋅ ઺⃗⃗⃗⃗⃗⃗ࢄ − ઼⃗⃗⃗⃗⃗⃗ࡰ |ࢄ⃗⃗⃗ = ૜⃗⃗࡯| ⃗⃗ ⃗ ⋅ ઼⃗⃗ࢄ ⃗⃗ ⃗ − ૚⃗⃗⃗⃗⃗⃗⃗⃗⃗⃗⃗⃗ࢄ |ࢄ⃗⃗⃗ = હ⃗⃗⃗⃗⃗⃗ࢄ − ૚⃗⃗࡭ ⃗⃗ ⃗ ⋅ હ⃗⃗ࡰ ⃗⃗ ⃗⃗ ૛⃗⃗⃗⃗⃗⃗⃗⃗⃗⃗⃗⃗ࢄ  = ઺⃗⃗⃗⃗⃗⃗ࢄ − ૛⃗⃗࡭ ⃗⃗ ⃗ ⋅ ઺⃗⃗⃗⃗ࡰ ⃗⃗ ૜⃗⃗⃗⃗⃗⃗⃗⃗⃗⃗⃗⃗ࢄ  = ઼⃗⃗ࢄ ⃗⃗ ⃗ − ૜⃗⃗࡭ ⃗⃗ ⃗ ⋅ ઼⃗⃗⃗⃗⃗⃗ࡰ ࢚)ࢄ⃗⃗⃗  + ૚) = ૚⃗⃗⃗⃗⃗⃗ࢄ + ૛⃗⃗⃗⃗⃗⃗ࢄ + ૜⃗⃗⃗⃗⃗⃗૜ࢄ  

(6) 

To avoid stagnation: ⃗⃗⃗ࢄ(࢚ + ૚) = ࢚)ࢄ⃗⃗⃗ + ૚) + ૃ ⋅ घ(૙, ૚) (7) 

Where λ is a minor scaling factor. ⃗⃗⃗⃗⃗⃗ࢄ(࢚ + ૚) = ࢝હࢄ૚⃗⃗⃗⃗⃗⃗ + ࢝઺ࢄ૛⃗⃗⃗⃗⃗⃗ + ૜⃗⃗⃗⃗⃗⃗ࢄ઼࢝  
(8) 

 With࢝હ > ࢝઺ > ઼࢝,  ∑ ࢏࢝ = ૚ 

This enhances leadership superiority. 

6. Segmentation 



To identify the regions of lesions precisely in comparison with the rest of the retina as well as blood vessels, fundus image segmentation 

is essential. It pays attention to the areas to be analysed which enhances the precision of feature extraction and classification. 

Despite the classical Whale Optimization Algorithm (WOA) [27] having high ability of global exploration, it has weaknesses of slow 

convergence rate, lack of diversity in populations and early exploitation when working with more complex segments of images like 

fundus lesion extraction. In order to address these constraints, this paper will develop an Improved Whale Optimization Algorithm 

(IWOA) using a methodology of optimization that incorporates fitness-ranking-based adaptive control, a crossover-inspired 

information exchange, and DE-guided mutation on the same design principles applied to Cross Over and Mutation Beetle Annealing 

Search (CMBAS)[28,29]. 

In the standard version where WOA is to be used, the convergence factors a is linear and this means that all individuals are treated 

equally without requesting any depiction of their optimization potential. To this end, a mechanism of adaptive control parameter, 

which is based on fitness ranking, is proposed. 

All whales have their respective rank-adaptive control coefficient: ࢏ࢇ = ࢞ࢇ࢓ࢇ − ࢞ࢇ࢓ࢇ) − (࢔࢏࢓ࢇ ⋅ ࡹ࢏࢑࢔ࢇ࢘ − ૚ 
(9) 

࢞ࢇ࢓ࢇ,௜ denotes the rank of the ithwhale,M is the population size݇݊ܽݎ ݁ݎℎ݁ݓ = ૛, ࢔࢏࢓ࢇ = ૙ 

the adaptive vectors can be defined as: ࢏࡭ = ૛࢏ࢇ ⋅ ࢘૚ − ,࢏ࢇ ࢏࡯  = ૛ ⋅ ࢘૛ (10) 

This plan enables high-quality whales to engage in fine-grained exploitation and inferior whales to seek out superiority maintaining 

convergence-diversity balance. 

The surrounding behaviour is redefined as: ࢏ࡰ = ࢏࡯| ⋅ ∗ࢄ − ࢚)࢏ࢄ |࢏ࢄ + ૚) = ∗ࢄ − ࢏࡭ ⋅  ࢏ࡰ
(11) 

where ࢄ∗ is the global best whale. 

Rank-dependent spiral intensity is added to the spiral update so that it does not stick at local optima: ࢏ࢄ(࢚ + ૚) = ′࢏ࡰ ⋅ ࢒࢏࢈ࢋ ⋅ (࢒૛ૈ)ܛܗ܋ + ࢏࢈ ∗ࢄ = ࢔࢏࢓࢈ + ࢞ࢇ࢓࢈) − (࢔࢏࢓࢈ ⋅ ࡹ࢏࢑࢔ࢇ࢘ − ૚ ࢏ࡰ′ = ∗ࢄ| − ࢒ |࢏ࢄ ∈ [−૚, ૚], 
(12) 

௠௜௡ܾ݁ݎℎ݁ݓ = 0.5, ܾ௠௔௫ = 1.5 

Ensures mild exploitation of top-tier whales and further spiral searching of weak whales. 

Based on the adaptive crossover in CMBAS, a cluster-center exchange strategy has been offered to WOA. 

Note a crossover probability of each whale: ࢏࢘ࢉ = ࢔࢏࢓࢘ࢉ + ࢞ࢇ࢓࢘ࢉ) − (࢔࢏࢓࢘ࢉ ⋅ ࡹ࢏࢑࢔ࢇ࢘ − ૚ 
(13) 

௠௜௡ݎܿ݁ݎℎ݁ݓ = 0.1, ௠௔௫ݎܿ = 0.9 ifrand< ܿݎ௜  a randomly selected whale𝑋௝exchanges oneclustercenter: ݒ௜௞ ↔ ௝௞ݒ  (14) 

An addition to the exploration of the desired motifs is the incorporation of a DE-inspired mutation strategy into WOA: ࢏ࡹ = ࢏ࢄ + ࡿ ⋅ ∗ࢄ) − (࢏ࢄ + ࡿ ⋅ ૚࢘ࢄ) − 𝑋௥1݁ݎℎ݁ݓ ૛) (15)࢘ࢄ ≠ 𝑋௥2 ≠ 𝑋௜ , ܵ ∈ (0,1  .ݎ݋ݐ݂݈ܿܽ݃݊݅ܽܿݏܽݏ݅[+
Mutation is activated when ξ < 0.5,  ξ ∼ ܷ(0,1) 



Improved Whale Optimization Algorithm (IWOA) is an algorithm presented in Algorithm for the segmentation of retinal lesions.  

7. Algorithm: Improved Whale Optimization Algorithm 

Input: The enhancement of images from the retina. 

Output:  Optimal lesion segmentation results 

Algorithm 

• Load the enhanced retinal fundus images. 

• Start with 50 candidate segmentation solutions (whales) that are randomly generated. 

• Use the segmentation objective function to assess the fitness for each whale. 

• Determine the whale that is the fittest around the world as the global best solution. 

• Repeat for 100 iterations. 

• Assess all whale fitnesses. 

• Rank the whales according to their fitness values. 

• Adopt the adaptive control parameters according to the rank of each whale. 

• Update the position of whales, using the adaptive encircling mechanism or the rank-

dependent spiral search strategy. 

• Carry out adaptive cluster-center exchange strategy between whales selected at random. 

• Use mutation strategy inspired from Differential Evolution (DE) for enhancing population 

diversity. 

• If the mutated solution is more fit, then the current solution will be replaced. 

• Use boundary checking to limit search space to allow only valid solutions. 

• Update the global best solution if a better whale is found. 

1. Return the best set of segmentation parameters using Improved Whale Optimization Algorithm. 

2. Use optimized parameters for segmentation of retinal lesions in the enhanced fundus images. 

3. Create the final retinal lesion segmentation map. 

8. Feature Extraction and Selection 

Segmented fundus lesions need to be extracted into meaningful numbers that define their appearance (color, texture and shape) 

which require feature extraction. It minimizes the complexity of the data and provides the possibility to successfully distinguish normal 

and pathological retinal regions. The extraction of fundus lesion features is done on high-dimensional and heterogeneous features 

based on color, texture and shape features. The traditional extraction establishes redundant and less discriminating features. The 

features need to be selected to determine the most meaningful and discriminative features and remove undue and inefficient 

information. It has increased the accuracy of classification, minimal cost of computation, and the generalization capacity of the 

learning model. IABC (Improved Artifical Bee Colony) [30] algorithm is used to perform feature selection and weight decomposition 

of features (movement and loneliness) in order to discriminate lesions and dimensionality reduction. 

The different food sources constitute the source feature weight vectors: 



࢏܆ = [࢝૚, ࢝૛, … ,  (16) [ࡰ࢝

Whereࡰ= total number of extracted features,࢝࢐ ∈ [૙, ૚]indicates the importance of the ࢎ࢐࢚feature. 

The fitness optimizes the lesion separability and classification: 

Fitness(࢏܆) = ࢻ ⋅ ࢉࢉ࡭ + ࢼ ⋅ ૚ࡲ + ࢽ ⋅ ࡶ − ࢾ ⋅ ࡰ࢙ࡰ  
(17) 

Whereࢉࢉ࡭= classification accuracy, ࡲ૚= F1-score, ࡶ= Fisher discriminant ratio ,࢙ࡰ= selected features, ࢻ + ࢼ + ࢽ + ࢾ = ૚ ࢜࢐࢏ = ࢐࢏࢞ + ࢐࢏࢞)࢐࢏ࣘ − ࢞࢑࢐) + ࣁ ⋅ घ(૙, ૚) (18) 

Whereࣘ࢐࢏ ∈ [−૚, ૚], ࢑ ≠  adaptive perturbation factor =ࣁ  ,࢏

The Adaptive Probability is expressed as ࢏ࡼ = ∑ࣅ࢏࢙࢙ࢋ࢔࢚࢏ࡲ ૚=࢔ࡺ࢙ࢋ࢔࢚࢏ࡲ ࣅ࢔࢙  
(19) 

whereࣅcontrols selection pressure. 

The Diversity Enhancement is expressed as[31] ࢞࢝ࢋ࢔࢐࢏ = ࢔࢏࢓࢐࢞ + ,૙)ࢊ࢔ࢇ࢘ ૚)(࢞࢞ࢇ࢓࢐ −  (20) (࢔࢏࢓࢐࢞

• Color Features Extraction[32] ࡾ = :)ࡵ , : , ૚), ࡳ = :)ࡵ , : , ૛), ࡮ = :)ࡵ , : , ૜) 

ࢉࣆ = ૚ࡺ ∑ ࡺ࢏ࢉ
૚=࢏ , ૛ࢉ࣌ = ૚ࡺ ࡺ)∑

૚=࢏ ࢏ࢉ −  ૛(ࢉࣆ

ࡴ = ૚−࢔ࢇ࢚ ( √૜(ࡳ − ࡾ)(࡮ − (ࡳ + ࡾ) −  ((࡮

ࡿ = ૚ − ૜ࡾ + ࡳ + ࡮ ࢏࢓ ,ࡾ)࢔ ,ࡳ  (࡮

ࢂ = ࡾ + ࡳ + ૜࡮ ∗ࡸ  = ૚૚૟(࢔ࢅ/ࢅ)ࢌ − ૚૟ ࢇ∗ = ૞૙૙[(࢔ࢄ/ࢄ)ࢌ − ∗࢈ [(࢔ࢅ/ࢅ)ࢌ = ૛૙૙[(࢔ࢅ/ࢅ)ࢌ −  [(࢔ࢆ/ࢆ)ࢌ

(21) 

• Texture Features[33] ࢚࢙ࢇ࢚࢘࢔࢕࡯ = ࢏)∑ − ࢐,࢏࢐ )૛࢏)ࡼ, ࢐) 

࢔࢕࢏࢚ࢇ࢒ࢋ࢘࢘࢕࡯ = ∑ ࢏) − ࢐)(࢏ࣆ − ,࢏)ࡼ(࢐ࣆ ࢟ࢍ࢘ࢋ࢔ࡱ࢐,࢏࢐࣌࢏࣌(࢐ = ∑ ,࢏)ࡼ ࢐,࢏࢐ )૛
࢚࢟࢏ࢋ࢔ࢋࢍ࢕࢓࢕ࡴ = ∑ ,࢏)ࡼ ࢐)૚+∣ ࢏ − ࢐ ࢐,࢏∣
,ࢉ࢞)ࡼ࡮ࡸ (ࢉ࢟ = ∑ ૚−ࡼ)࢙

૙=࢖ ࢖ࢍ − ࢖૛(ࢉࢍ

(22) 



࢙(࢞) = {૚, ࢞ ≥ ૙૙, ࢞ < ૙ 

Using Discrete Wavelet Transform (DWT): ࡵ(࢞, ࢟) → ,ࡸࡸ ,ࡴࡸ ,ࡸࡴ  (23) ࡴࡴ

Energy feature: ࢊ࢔ࢇ࢈࢈࢛࢙ࡱ = ૚ࡺࡹ ∑ ∣࢞,࢟ ,࢞)ࢊ࢔ࢇ࢈࢈࢛࢙ࢃ ࢟) ∣૛ 
(24) 

• Shape Features [34] 

Let ࡾdenote segmented lesion region. ࢇࢋ࢘࡭ = ∑ ૚(࢞,࢟)∈ࡾ  

࢘ࢋ࢚ࢋ࢓࢏࢘ࢋࡼ = ∑ ૚(࢞,࢟)∈૒ࡾ  

࢚࢟࢏ࢉ࢏࢚࢘࢔ࢋࢉࢉࡱ = √૚ −  ૛ࢇ૛࢈

(25) 

Where ࢇ and ࢈ are major and minor axis lengths. 

Final optimized feature vector: ۴࢚࢖࢕ = ܅ ⊙ ۴ (26) 

Where⊙denotes element-wise multiplication. 

9. Classification  

Classification is needed to assign fundus images or lesion regions to specific disease categories based on extracted features. Applied 

Fuzzy Support Vector Machines (FSVMs) [35,36] to classify the multi lesions.  

Let the optimized feature set obtained from IABC be: ऎ = ,࢏ܠ)} ,࢏࢟ ࡺ૚=࢏{(࢏࢙  (27) 

Where࢏ܠ ∈ ℝࢊ: optimized feature vector, ࢟࢏ ∈ −૚, +૚: class label,࢙࢏ ∈ (૙, ૚]: fuzzy membership value 

The Distance-Based Membership Assignment ࢙࢏ = ܠ܍ ܘ (− ∥ ࢏ܠ − ࢏࢟ࣆ ∥૛࣌࢟࢏૛ ) 
(28) 

Where࢏࢟ࣆ= centroid of class ࢟࢏,  class spread parameter =࢏࢟࣌

The  Class-Imbalance-Aware Adjustment ࢏࢟ࡺࡺ  (29) 

Where࢏࢟ࡺ= number of samples in class ࢟࢏ 
This ensures minority lesion classes receive higher importance. 

ܑܕ ܖ ૚૛ ∥ ܟ ∥૛ࣈ,࢈,ܟ + ࡯ ∑ ࡺ∗࢏࢙
૚=࢏  (30) ࢏ࣈ

Subject to ࢟(࢏ܠ)ࣘ⊤ܟ)࢏ + (࢈ ≥ ૚ − ࢏ࣈ ࢏ࣈ ≥ ૙, ࢏ = ૚, … ,  is the regularization parameter࡯ ,Whereࣘ(⋅)is a nonlinear mapping ࡺ



܉ܕ ܠ ∑ ࡺ࢏ࢻ
૚=࢏ − ૚૛ ∑ ࡺ࢏ࢻ

૚=࢐,࢏ ,࢏ܠ)ࡷ࢐࢟࢏࢐࢟ࢻ ࢻ(࢐ܠ
 

(31) 

subject to ૙ ≤ ࢏ࢻ ≤ ,∗࢏࢙࡯ ∑ ૚=࢏ࡺ࢏ࢻ ࢏࢟ = ૙ 

Kernel Function  ࢏ܠ)ࡷ, (࢐ܠ = ܠ܍ ࢽ−)ܘ ∥ ࢐ܠ−࢏ܠ ∥૛) (32) 

Whereࢽcontrols kernel width. 

The  Decision Function 

(ܠ)ࢌ = sign (∑ ࡺ࢏ࢻ
૚=࢏ ,࢏ܠ)ࡷ࢏࢟ (ܠ +  (࢈

(33) 

Lesion classification (MA, HE, EX, SE) One- vs-One (OvO) or One- vs-Rest (OvR)[37] strategy is used. The last class is chosen 

through maximum fuzzy confidence: ࢟̂ = ܚ܉ ܏ ܉ܕ ܠ ∣ (ܠ)࢑ࢌ ∣࢑  (34) 

10. Experimental Results 

The Improved Artificial Bee Colony (IABC) optimization algorithm and the Improved Fuzzy Support Vector Machine (IFSVM) 

classifier were developed and implemented in the Python 3.11 programming environment with the Jupyter Notebook in a Windows 

11 (64-bit) operating system. Each experiment was performed on an Intel Core i7 processor system (Intel® 12th Gen i7-12700, 3.40 

GHz) with 16 GB of random-access memory (RAM) and a 512 GB solid-state drive (SSD). Python libraries such as NumPy, OpenCV, 

Scikit-image, Scikit-learn, Pandas, and Matplotlib were used for the implementation. 

A population of 50 search agents (bees/wolves/whales) and a maximum of 100 iterations have been used to run the optimization 

algorithms. The parameter values were chosen to give a compromise between the rate of convergence, the quality of the solution and 

computational complexity. To classify, the Improved Fuzzy Support Vector Machine (IFSVM) used RBF kernel, C = 1.0, γ (gamma) 

= 0.01. 

 



 

Figure 2. Preprocessing Performance Comparison 

The performance of the conventional preprocessing techniques and the proposed Improved Grey Wolf Optimization 

(IGWO) technique is compared in figure 2. The Histogram Equalization (HE) [38] method achieved PSNR of 32.48 dB with SSIM of 

0.914 and MSE of 0.0158, while CLAHE [39] method got the PSNR 33.92 dB with the SSIM 0.912 and MSE of 0.0156 and Bilateral 

Filtering [40] method got the PSNR 34.68 dB with the SSIM 0.909 and MSE of 0.0152. The optimization-based techniques also 

improved the image quality, where the PSNR achieved by GWO was 36.14 dB, PSO was 36.55 dB and WOA was 37.01 dB. The 

proposed IGWO outperformed all existing methods with PSNR of 38.64 dB, SSIM of 0.986, entropy of 7.82 and contrast improvement 

index (CII) of 2.06, as it has the lowest MSE of 0.0042, and the minimum processing time of 0.78 s. The results show that IGWO can 

effectively improve the similarity of retinal fundus images and preserve the information in the image, increase the contrast of the 

images and reduce the noise, which is helpful to obtain high-quality retinal fundus images for subsequent lesion segmentation.  
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Figure 3. Lesion Segmentation Performance (a)IWOA (b) Comparison 

Figure 3 shows the segmentation results of the proposed Improved Whale Optimization Algorithm (IWOA) along with the 

other three segmentation methods, namely; modified ACO, CNN, and DNN. The lesion segmentation performance of the proposed 

Improved Whale Optimization Algorithm (IWOA) is compared with the other three segmentation methods namely, modified ACO, 

CNN, and DNN in Figure 3. The lowest performance was recorded for thresholding [41], with Dice coefficient of 84.32% and IoU of 

76.45% while FCM [42] and K-means [43] performed better showing Dice coefficient of 89.74% and 91.52% respectively. The Dice 

score of deep learning models, such as U-Net [44], Attention U-Net [45] and DeepLabV3+ [46], further improved the segmentation 

accuracy: 95.81%, 96.74% and 97.18%, respectively. The proposed IWOA achieved the best segmentation performance as Dice 

coefficient of 98.42%, IoU of 96.89%, sensitivity of 98.51%, specificity of 98.83%, precision of 98.46%, and overall accuracy of 

98.68%. The findings suggest that the proposed segmentation framework is able to accurately detect the DR lesions with the minimum 

number of missed and false detection while maintaining reliable localization of lesions. 

 



 

Figure 4. Segmentation performance 

Figure 4 shows the comparison of various optimization algorithms. Key metrics taken into consideration to evaluate the 

performance of different optimization algorithms on segmenting fundus are the Jaccard coefficient, Dice similarity coefficient, 

accuracy, precision, and recall. Results of different approaches in evaluating these metrics are demonstrated. Crow Search Algorithm 

(CSA)[47] had a Jaccard coefficient of 82.64%, a Dice similarity coefficient of 90.49%, an accuracy of 99.68%, and a precision of 

98.44% with a recall of 83.73%. In this respect, Salp Swarm Algorithm (SSA) [48] had fairly low values: a Jaccard coefficient of 

73.18%, Dice coefficient of 84.98%, accuracy of 99.39%, precision of 96.08%, and recall of 75.04%. WOA showed moderate results 

with a Jaccard coefficient of 79.56%, Dice coefficient of 88.76%, an accuracy of 90.62%, a precision of 93.15%, and a recall of 

84.13%. Gravitational Search Algorithm (GSA)[49] and Moth Flame Optimization (MFO) [50] have presented competitive results: 

GSA has a Jaccard coefficient of 88.50%, Dice coefficient of 90.17%, accuracy of 91.43%, precision of 94.64%, and recall of 89.35%; 

similarly, MFO reported a Jaccard coefficient of 87.38%, Dice coefficient of 91.41%, accuracy of 91.22%, precision of 93.36%, and 

recall of 90.21%. The PSO and ABC methods show a strong segmentation result; PSO [51] revealed a Jaccard coefficient of 86.49%, 

Dice coefficient of 92.56%, accuracy of 94.64%, precision of 96.68%, and recall of 91.73%. ABC demonstrated a Jaccard coefficient 

of 88.34%, Dice coefficient of 93.57%, accuracy of 93.84%, precision of 97.37%, and recall of 90.63%. Ant Colony Optimization 

(ACO) [52] demonstrated itself to be a robust performer with metrics of 89.64% for a Jaccard coefficient, 94.56% for Dice coefficient, 

96.99% for accuracy, 98.17% for precision, and 96.89% for recall. Finally, the proposed approach had the best performance of all 

these metrics, which are 91.74% for Jaccard coefficient, 95.47% for Dice coefficient, 98.42% for accuracy, 98.68% for precision, and 

98.46. 
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Figure 5: Segmentation results (a)MA(b)Haemorrhages(C) hard exudates(d) soft exudates 

Figure 5 shows the qualitative comparison of the lesion segmentation results of the state-of-the-art methods: Thresholding, 

Fuzzy C-Means (FCM), WOA, U-Net, Attention U-Net, DeepLabV3+, and the proposed method Improved Whale Optimization 

Algorithm (IWOA). The comparison is for the four major lesions of DR, namely Microaneurysms (MA), Haemorrhages (HE), Hard 

Exudates (EX) and Soft Exudates (SE) and is based on the corresponding expert-annotated ground truth masks of the IDRiD dataset. 

The Thresholding method did not perform well for Microaneurysms (MA)in Figure 9(a), as it was not able to separate the tiny dark 

lesions from the background of the retina correctly, leading to a large number of false positive and incomplete lesion boundaries. FCM 

and WOA helped to improve lesion localization while some small-sized microaneurysms were still not detected due to low contrast 

and limited spatial information. The deep-learning models U-Net and Attention U-Net gave more continuous lesion areas, but 

sometimes fused neighboring structures and missed very small lesions. They outperform the previous methods in preserving the 

boundary and localization accuracy. The proposed IWOA on the other hand produced segmentation masks that were in close agreement 



with the expert ground truth with accurate identification of even the smallest microaneurysm with minimal false detection, 

outperforming the boundary delineation and the completeness of identified lesions. 

In the case of Haemorrhages (HE), the intensity variation was the reason why the performance of Thresholding was poor, while the 

FCM and WOA methods gave poor segmentation results due to the irregular shapes of the lesions. The performance of U-Net was 

very good in extracting the lesions, though it wrongly identified some blood vessels as haemorrhages. DeepLabV3+ worked on 

boundary localization further. However, the most promising inclusion-exclusion model was the proposed IWOA which was able to 

replicate lesion morphology and effectively reduce under-segmentation and over-segmentation, thereby delineating haemorrhages 

most accurately with respect to the ground truth. 

In cases of Hard Exudates (EX), Thresholding often incorrectly identified the optic disc and blood vessel reflections as exudates. The 

lesion detection results were partially improved with FCM and WOA while the outline of the lesions and the regions were not smooth. 

The accuracy of the U-Net and Attention U-Net in detecting exudate regions was good, but they sometimes lost the fine details of 

lesions near complicated retinal structures. DeepLabV3+ produced smoother and more complete segmentation masks compared to the 

edges preserved. On the one hand, the proposed IWOA improved the segmentations quality by correctly identifying the bright exudate 

regions, and on the other hand, it showed a good agreement with the expert annotations, thus minimizing the leakage of information 

from the boundaries and maintaining the shape and size of the lesions. 

Likewise, Thresholding and clustering based methods had problems distinguishing the diffuse cotton wool spots from the background 

of the retina and thus missed some of the lesions (Soft Exudates (SE)). U-Net and Attention U-Net performed better in the segmentation 

task, but sometimes resulted in small false-positive regions due to the diffuse appearance of the soft exudates. DeepLabV3+ was able 

to acquire the multi-scale context information and hence improved localization, but some minor boundary errors were seen in a few 

instances. The proposed IWOA successfully extracted the region of the diffuse lesion from the image and reduced the background 

interference, and the evaluation results showed that the segmentation masks produced by the proposed IWOA were very close to the 

expert ground truth. 

The proposed IWOA method outperforms all other compared methods in terms of Dice coefficient (98.42%), Intersection over Union 

(96.89%), Sensitivity (98.51%), Specificity (98.83%), Precision (98.46%) and Segmentation Accuracy (98.68%). The optimization 

capability of IWOA was demonstrated to be effective in providing more accurate detection of the boundary of the lesion, better 

preservation of fine structure of the lesion and better noise and illumination variation robustness, which are beneficial for the 

automated segmentation of the lesions in diabetic retinopathy. 

 



 

Figure 6. Feature Selection Performance 

The performance of different feature selection algorithms in terms of feature reduction, classification performance, and 

computational time is compared with each other in figure 6. The conventional dimensionality reduction method, the PCA [53] and 

ReliefF[54] got 94.84% and 95.76% of classification accuracy with the selection of relatively larger number of features (164 and 142) 

respectively. The classification accuracy of the evolutionary optimization methods (GA, PSO and conventional ABC) was found to 

be 96.45%, 97.08% and 98.12% respectively with a reduction of the feature subset size. The Improved Artificial Bee Colony (IABC) 

algorithm yielded optimal performance with only 82 optimal features (65.6% feature reduction), a classification accuracy of 98.55%, 

a precision of 98.48%, and a recall of 98.51%. Furthermore, the proposed method needed only 6.41 s during feature optimization, 

which is the minimum computational time compared to all the other methods compared. The results obtained show that the proposed 

IABC can successfully remove redundant features and retain highly discriminative information, which can enhance computational 

efficiency and classification accuracy. 

. 

 

 



 

Figure 7. Classification Performance Comparison 

In Figure 7, the comparative classification performance of the proposed Improved Fuzzy Support Vector Machine with the 

conventional machine learning and the state-of-the-art deep learning models are presented. Traditional CNN obtained 95.84% 

accuracy while ResNet50[55], DenseNet121[56], EfficientNet-B0[57], Vision Transformer [58], CNN-LSTM [59] and Hybrid CNN-

Transformer [60] ranged from 96.92% to 98.44%. The accuracy of the conventional SVM and Fuzzy SVM were 95.48% and 97.54% 

respectively. The classification accuracy of the proposed Improved Fuzzy SVM was the best with 98.55%, while the other comparison 

methods' classification accuracy was 99.01% for Deep Learning, 97.02% for CNN, 97.05% for DNN, 95.43% for CNN-DNN, and 

95.73% for CNN-DL. The precision of the proposed Improved Fuzzy SVM was 98.48%, the recall was 98.51%, the F1-score was 

98.49%, and the AUC was 99.02%. The Better performance is mainly due to the optimized feature selection process based on the 

Improved Artificial Bee Colony algorithm and the improved fuzzy membership mechanism, which overcome uncertainty and 

overlapping class distributions. 

 

Figure 8: Cross Validation Performance 

The results of Figure 8 showed that the model had high generalization ability and robustness, as the results were consistent 

across all five folds. The average classification accuracy of 98.62%, average precision of 98.52%, average recall of 98.58%, F1-score 

of 98.55%, average sensitivity of 98.58%, average specificity of 98.68%, shows the effectiveness of the proposed method. In Fold 1, 

the model achieved 98.45% accuracy, 98.32% precision, 98.41% recall, 98.36% F1-score, 98.41% sensitivity, and 98.53% specificity. 

The performance was improved in Fold 2 up to 98.61% accuracy, Fold 3 gave the best result 98.73% accuracy with 98.66% precision, 



98.71% recall, 98.68% F1-score, 98.71% sensitivity and 98.79% specificity. The model's accuracy remained close to 100% in Fold 4 

(98.59%) and Fold 5 (98.70%) with a similar level of accuracy for the other evaluation metrics. The overall accuracy, precision, recall, 

F1 score, sensitivity and specificity were 98.62%, 98.52%, 98.58%, 98.55%, 98.58% and 98.68% respectively and obtained an average 

accuracy of 98.62% across all five folds. 

 

 

Figure 9. Statistical Analysis Performance 

The statistical analysis of the proposed DR detection framework is demonstrated with 5-fold cross-validation in Figure 9. 

The proposed model obtained a mean classification accuracy of 98.55% and a minimal standard deviation of 0.13%, highlighting high 

classification stability over the various validation folds. The obtained results are consistent and the 95% confidence interval (98.39%–

98.71%) is consistent. Moreover, the proposed framework obtained accuracy of 98.48%, recall of 98.51%, and F1 score of 98.49%, 

which are all excellent results with a very good balance between false positives and false negatives. The model's sensitivity of 98.51% 

shows the ability of the model to correctly identify diabetic retinopathy cases, and the specificity of 98.63% shows that the model is 

effective in distinguishing the healthy retinal image. The p-values of the improvements obtained (ranging between 0.002 and 0.005) 

indicate the statistical significance of the improvements. 



 

Figure 10. Classifier Performance Comparison 

Figure 10 shows the classifier Performance. All classifiers were tested on the IDRiD training images spread across the five 

diabetic retinopathy grades, to assess the TP, TN, FP and FN values. The proposed Improved Fuzzy SVM classifier has the best TP, 

and the lowest FP,and FN, among classifiers compared. A higher TP means that improved Fuzzy SVM is identifying more DR cases 

while a lower FP means that it is not misidentifying more DR cases as non-DR and a lower FN means that it is not missing 

fewer DR cases. 

11. Conclusion 

This study suggested a novel framework for automatic DR detection that combines Improved Grey Wolf Optimization (IGWO) 

for retinal image enhancement, Improved Whale Optimization Algorithm (IWOA) for lesion segmentation, Improved Artificial Bee 

Colony (IABC) for feature optimization, and an Improved Fuzzy Support Vector Machine (IFSVM) for disease classification. The 

proposed methodology is an effective combination of image enhancement, accurate localization of lesion, discriminative feature 

selection, and efficient classification that effectively improves the diagnostic efficiency and reduces the computational complexity. 

Experimental results showed that the PSNR, SSIM, MSE and processing time after IGWO preprocessing were 38.64dB, 0.986, 0.0042 

and 0.78 s, respectively. The proposed IWOA segmentation algorithm successfully identified all lesions with good accuracy with Dice 

coefficient as 98.42%, IoU as 96.89%, and overall segmentation accuracy of 98.68%, demonstrating its ability to maintain the 

boundaries of lesions and enhance the accuracy of localization. Moreover, the proposed IABC algorithm (82 informative features) has 

been able to reduce the feature space by 65.6%, and after optimizing the algorithm in 6.41s. The proposed Improved Fuzzy Support 

Vector Machine has achieved the classification accuracy of 98.55%, precision of 98.48%, recall of 98.51%, F1-score of 98.49%, and 

AUC of 99.02% as a result of an optimized feature subset, whereas the conventional machine learning models and advanced deep 

learning architectures have achieved 96.61%, 96.67%, 96.63%, 96.65% and 96.89%, respectively. Five-fold cross validation was 

performed to validate the proposed framework statistically, and the results showed a high accuracy of 98.55% with a low standard 

deviation of 0.13% and narrow confidence intervals and statistically significant ranges between 0.002 and 0.005. The results show 

that the proposed optimization-based framework is effective and efficient in developing computer-aided diagnostic system for diabetic 

retinopathy screening, which can be reliable, accurate and computationally efficient. 
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    X → =  [   c  C L A H E ,   k  f i l t e r ,   s  S E ,   T 1 ,   T 2 , … ]


      r 1 → ,     r 2 → ∈  [ 0 , 1 ]


  𝜸


  𝒇  ( 𝐱 ) = sign  (   ∑  𝒊 = 𝟏  𝑵    𝜶  𝒊   𝒚  𝒊 𝑲  (   𝐱  𝒊 , 𝐱 ) + 𝒃 )


    𝒚 ^ = 𝐚 𝐫   𝐠 ⁡    𝐦 𝐚   𝐱 ⁡  ∣   𝒇  𝒌  ( 𝐱 ) ∣  𝒌


  𝒂  ( 𝒕 ) = 𝟐  ( 𝟏 −    (   𝒕  𝑻 )  𝟐 )


      𝑫  𝛂 → =  |     𝑪  𝟏 → ⋅     𝑿  𝛂 → −   𝑿 → |


      𝑫  𝛃 → =  |     𝑪  𝟐 → ⋅     𝑿  𝛃 → −   𝑿 → |


      𝑫  𝛃 → =  |     𝑪  𝟐 → ⋅     𝑿  𝛃 → −   𝑿 → |


      𝑫  𝛅 → =  |     𝑪  𝟑 → ⋅     𝑿  𝛅 → −   𝑿 → |


      𝑫  𝛅 → =  |     𝑪  𝟑 → ⋅     𝑿  𝛅 → −   𝑿 → |


        𝑿  𝟏 → → =     𝑿  𝛂 → −     𝑨  𝟏 → ⋅     𝑫  𝛂 →


        𝑿  𝟏 → → =     𝑿  𝛂 → −     𝑨  𝟏 → ⋅     𝑫  𝛂 →


        𝑿  𝟐 → → =     𝑿  𝛃 → −     𝑨  𝟐 → ⋅     𝑫  𝛃 →


    c  C L A H E ​ = C L A H E c l i p l i m i t ,   k  f i l t e r ​ = f i l t e r k e r n e l s i z e ,       s  S E ​ = t r u c t u r i n g e l e m e n t s i z e ,   T  i = t h r e s h o l d l e v e l s .


        𝑿  𝟐 → → =     𝑿  𝛃 → −     𝑨  𝟐 → ⋅     𝑫  𝛃 →


        𝑿  𝟑 → → =     𝑿  𝛅 → −     𝑨  𝟑 → ⋅     𝑫  𝛅 →


        𝑿  𝟑 → → =     𝑿  𝛅 → −     𝑨  𝟑 → ⋅     𝑫  𝛅 →


    𝑿 →  ( 𝒕 + 𝟏 ) =       𝑿  𝟏 → +     𝑿  𝟐 → +     𝑿  𝟑 →  𝟑


    𝑿 →  ( 𝒕 + 𝟏 ) =       𝑿  𝟏 → +     𝑿  𝟐 → +     𝑿  𝟑 →  𝟑


    𝑿 →  ( 𝒕 + 𝟏 ) =   𝑿 →  ( 𝒕 + 𝟏 ) + 𝛌 ⋅ 𝓝  ( 𝟎 , 𝟏 )


      𝑿 → →  ( 𝒕 + 𝟏 ) =   𝒘  𝛂     𝑿  𝟏 → +   𝒘  𝛃     𝑿  𝟐 → +   𝒘  𝛅     𝑿  𝟑 →


    𝒘  𝛂 >   𝒘  𝛃 >   𝒘  𝛅 ,    ∑    𝒘  𝒊 = 𝟏


    𝒂  𝒊 =   𝒂  𝒎 𝒂 𝒙 −  (   𝒂  𝒎 𝒂 𝒙 −   𝒂  𝒎 𝒊 𝒏 ) ⋅   𝒓 𝒂 𝒏   𝒌  𝒊  𝑴 − 𝟏


  w h e r e   r a n   k  i ​


  F i t n e s s = =   w 1 ⋅ Entropy +   w 2 ⋅ PSNR +   w 3 ⋅ EdgeStrength −   w 4 ⋅ MSE F i t n e s s


    𝒂  𝒎 𝒂 𝒙 = 𝟐


    𝒂  𝒎 𝒊 𝒏 = 𝟎


    𝑨  𝒊 = 𝟐   𝒂  𝒊 ⋅   𝒓  𝟏 −   𝒂  𝒊 ,     𝑪  𝒊 = 𝟐 ⋅   𝒓  𝟐


    𝑫  𝒊 =  |   𝑪  𝒊 ⋅   𝑿 ∗ −   𝑿  𝒊 |


    𝑿  𝒊  ( 𝒕 + 𝟏 ) =   𝑿 ∗ −   𝑨  𝒊 ⋅   𝑫  𝒊


    𝑿  𝒊  ( 𝒕 + 𝟏 ) =   𝑿 ∗ −   𝑨  𝒊 ⋅   𝑫  𝒊


    𝑿 ∗


    𝑿  𝒊  ( 𝒕 + 𝟏 ) =   𝑫  𝒊 ′ ⋅   𝒆    𝒃  𝒊 𝒍 ⋅   𝐜 𝐨 𝐬 ⁡   ( 𝟐 𝛑 𝒍 ) +   𝑿 ∗


    𝒃  𝒊 =   𝒃  𝒎 𝒊 𝒏 +  (   𝒃  𝒎 𝒂 𝒙 −   𝒃  𝒎 𝒊 𝒏 ) ⋅   𝒓 𝒂 𝒏   𝒌  𝒊  𝑴 − 𝟏


    𝒃  𝒊 =   𝒃  𝒎 𝒊 𝒏 +  (   𝒃  𝒎 𝒂 𝒙 −   𝒃  𝒎 𝒊 𝒏 ) ⋅   𝒓 𝒂 𝒏   𝒌  𝒊  𝑴 − 𝟏


  w h e r e   w 1 +   w 2 +   w 3 +   w 4 = 1


    𝑫  𝒊 ′ =  |   𝑿 ∗ −   𝑿  𝒊 |


    𝑫  𝒊 ′ =  |   𝑿 ∗ −   𝑿  𝒊 |


  𝒍 ∈  [ − 𝟏 , 𝟏 ] ,


  𝒍 ∈  [ − 𝟏 , 𝟏 ] ,


    w h e r e b  m i n = 0 . 5


    b  m a x = 1 . 5


  𝒄   𝒓  𝒊 = 𝒄   𝒓  𝒎 𝒊 𝒏 +  ( 𝒄   𝒓  𝒎 𝒂 𝒙 − 𝒄   𝒓  𝒎 𝒊 𝒏 ) ⋅   𝒓 𝒂 𝒏   𝒌  𝒊  𝑴 − 𝟏


  w h e r e c   r  m i n = 0 . 1 ,   c   r  m a x = 0 . 9  


    c   r  i


    X  j


    D → =  |   C → ⋅     X  p → −   X →  ( t ) |


    v  i k ↔   v  j k


    𝑴  𝒊 =   𝑿  𝒊 + 𝑺 ⋅  (   𝑿 ∗ −   𝑿  𝒊 ) + 𝑺 ⋅  (   𝑿  𝒓 𝟏 −   𝑿  𝒓 𝟐 )


  w h e r e   X  r 1 ≠   X  r 2 ≠   X  i ,   S ∈  ( 0 , 1 + ] i s a s c a l i n g f a c t o r .


  ξ < 0 . 5 ,   ξ ∼ U  ( 0 , 1 )


    𝐗  𝒊 =  [   𝒘  𝟏 ,   𝒘  𝟐 , … ,   𝒘  𝑫 ]


  𝑫


    𝒘  𝒋 ∈  [ 𝟎 , 𝟏 ]


    𝒋  𝒕 𝒉


  Fitness  (   𝐗  𝒊 ) = 𝜶 ⋅ 𝑨 𝒄 𝒄 + 𝜷 ⋅ 𝑭 𝟏 + 𝜸 ⋅ 𝑱 − 𝜹 ⋅     𝑫  𝒔  𝑫


  𝑨 𝒄 𝒄


  T h e


  𝑭 𝟏


  𝑱


    𝑫  𝒔


  𝜶 + 𝜷 + 𝜸 + 𝜹 = 𝟏


    𝒗  𝒊 𝒋 =   𝒙  𝒊 𝒋 +   𝝓  𝒊 𝒋  (   𝒙  𝒊 𝒋 −   𝒙  𝒌 𝒋 ) + 𝜼 ⋅ 𝓝  ( 𝟎 , 𝟏 )


    𝝓  𝒊 𝒋 ∈  [ − 𝟏 , 𝟏 ] ,   𝒌 ≠ 𝒊


  𝜼


    𝑷  𝒊 =   𝑭 𝒊 𝒕 𝒏 𝒆 𝒔   𝒔  𝒊  𝝀    ∑  𝒏 = 𝟏  𝑵  𝑭 𝒊 𝒕 𝒏 𝒆 𝒔   𝒔  𝒏  𝝀


  𝝀


    𝒙  𝒊 𝒋  𝒏 𝒆 𝒘 =   𝒙  𝒋  𝒎 𝒊 𝒏 + 𝒓 𝒂 𝒏 𝒅  ( 𝟎 , 𝟏 )  (   𝒙  𝒋  𝒎 𝒂 𝒙 −   𝒙  𝒋  𝒎 𝒊 𝒏 )


    A → = 2 a ⋅     r 1 → − a


  𝑹 = 𝑰  ( : , : , 𝟏 ) , 𝑮 = 𝑰  ( : , : , 𝟐 ) , 𝑩 = 𝑰  ( : , : , 𝟑 )


  𝑯 =   𝒕 𝒂 𝒏  − 𝟏  (    𝟑  ( 𝑮 − 𝑩 )   ( 𝑹 − 𝑮 ) + ( 𝑹 − 𝑩 ) )


  𝑪 𝒐 𝒏 𝒕 𝒓 𝒂 𝒔 𝒕 =   ∑  𝒊 , 𝒋  ( 𝒊 − 𝒋  )  𝟐 𝑷  ( 𝒊 , 𝒋 )


  


  𝑰  ( 𝒙 , 𝒚 ) → 𝑳 𝑳 , 𝑳 𝑯 , 𝑯 𝑳 , 𝑯 𝑯


    𝑬  𝒔 𝒖 𝒃 𝒃 𝒂 𝒏 𝒅 =   𝟏  𝑴 𝑵   ∑  𝒙 , 𝒚 ∣   𝑾  𝒔 𝒖 𝒃 𝒃 𝒂 𝒏 𝒅  ( 𝒙 , 𝒚 )  ∣  𝟐


  𝑹


  𝑨 𝒓 𝒆 𝒂 =   ∑   ( 𝒙 , 𝒚 ) ∈ 𝑹  𝟏


    𝒂  


  𝒃  


      C → → = 2 ⋅     r 2 →


    𝐅  𝒐 𝒑 𝒕 = 𝐖 ⊙ 𝐅


  ⊙


  𝓓 = { (   𝐱  𝒊 ,   𝒚  𝒊 ,   𝒔  𝒊 )  }  𝒊 = 𝟏  𝑵


    𝐱  𝒊 ∈  ℝ  𝒅


    𝒚  𝒊 ∈ − 𝟏 , + 𝟏


     𝒔  𝒊 ∈ ( 𝟎 , 𝟏 ]


    𝒔  𝒊 = 𝐞 𝐱   𝐩 ⁡   ( −   ∥   𝐱  𝒊 −   𝝁    𝒚  𝒊  ∥  𝟐    𝝈    𝒚  𝒊  𝟐 )


    𝝁    𝒚  𝒊


    𝒚  𝒊 ,       𝝈    𝒚  𝒊


    𝑵    𝑵    𝒚  𝒊


      C → → = 2 ⋅     r 2 →


    𝑵    𝒚  𝒊


    𝒚  𝒊


    𝐦 𝐢   𝐧 ⁡    𝟏  𝟐 ∥ 𝐰  ∥  𝟐  𝐰 , 𝒃 , 𝝃 + 𝑪   ∑  𝒊 = 𝟏  𝑵    𝒔  𝒊 ∗   𝝃  𝒊


    𝒚  𝒊  (   𝐰 ⊤ 𝝓  (   𝐱  𝒊 ) + 𝒃 ) ≥ 𝟏 −   𝝃  𝒊


    𝝃  𝒊 ≥ 𝟎 , 𝒊 = 𝟏 , … , 𝑵


  𝝓  ( ⋅ )


  𝑪


    𝐦 𝐚   𝐱 ⁡    ∑  𝒊 = 𝟏  𝑵    𝜶  𝒊 −   𝟏  𝟐   ∑  𝒊 , 𝒋 = 𝟏  𝑵    𝜶  𝒊   𝜶  𝒋   𝒚  𝒊   𝒚  𝒋 𝑲  (   𝐱  𝒊 ,   𝐱  𝒋 )  𝜶


  𝟎 ≤   𝜶  𝒊 ≤ 𝑪   𝒔  𝒊 ∗ ,   ∑  𝒊 = 𝟏  𝑵    𝜶  𝒊   𝒚  𝒊 = 𝟎


  𝑲  (   𝐱  𝒊 ,   𝐱  𝒋 ) = 𝐞 𝐱   𝐩 ⁡   (  − 𝜸 ∥   𝐱  𝒊 −    𝐱  𝒋  ∥  𝟐 )

