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Abstract: In today’s world, image processing techniques play a crucial role in the prognosis and diagnosis of various diseases due to the development of several precise and accurate methods for medical images. Automated analysis of medical images is essential for doctors, as manual investigation often leads to inter-observer variability. This research aims to enhance healthcare by enabling the early detection of diabetic retinopathy through an efficient image processing framework. The proposed hybridized method combines Modified Inertia Weight Particle Swarm Optimization (MIWPSO) and Fuzzy C-Means clustering (FCM) algorithms. Traditional FCM does not incorporate spatial neighborhood features, making it highly sensitive to noise, which significantly affects segmentation output. Our method incorporates a modified FCM that includes spatial functions in the fuzzy membership matrix to eliminate noise. The results demonstrate that the proposed FCM-MIWPSO method achieves highly precise and accurate medical image segmentation. Furthermore, segmented images are classified as benign or malignant using the Decision Tree-Based Temporal Association Rule (DT-TAR) Algorithm. Comparative analysis with existing state-of-the-art models indicates that the proposed FCM-MIWPSO segmentation technique achieves a remarkable accuracy of 98.42% on the dataset, highlighting its significant impact on improving diagnostic capabilities in medical imaging.
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1  Introduction

In the modern world, the most challenging task in medical image analysis is to extract critical information about the structure, shape and volume of the anatomical organs of the human body from the medical image. Medical image analysis has become a pivotal field in modern healthcare, leveraging advanced computational techniques to enhance the accuracy and efficiency of diagnosing and treating various medical conditions. Among the myriad applications within this domain, medical image segmentation stands out as a critical process. Medical image segmentation involves partitioning medical images into meaningful regions, often corresponding to different anatomical structures or pathological areas. This technique facilitates precise and automated analysis, which is crucial for accurate diagnosis, treatment planning, and monitoring of diseases.

Medical image segmentation identifies the pixels of anatomical organs or lesions from the backdrop of the medical images, such as Magnetic Resonance Imaging (MRI) and Computed Tomography (CT) images [1,2]. Medical image segmentation is an inspiring and thought-provoking emerging field of research in medical image processing. Image segmentation is fragmenting a digital image into segments based on intensity, shape, texture or color. One significant application of medical image segmentation is in the detection and management of diabetic retinopathy (DR), a leading cause of blindness worldwide. Diabetic retinopathy is a complication of diabetes that affects the retina, the light-sensitive tissue at the back of the eye. Early detection and treatment are vital to prevent vision loss, making the role of medical image analysis indispensable. Segmentation algorithms can automatically identify and delineate pathological features in retinal images, such as microaneurysms, hemorrhages, and exudates, which are indicative of diabetic retinopathy. This automation not only improves diagnostic accuracy but also enables large-scale screening programs, especially in regions with limited access to ophthalmologists. Segmentation groups pixels into many clusters based on the closeness of the intensities of the pixels in a digital image to simplify the information extraction such as shape, texture and structure [3]. It separates the images into groups of homogeneous pixels concerning some conditions. The various groups need not intersect, and neighbouring groups must be heterogeneous [4]. In general, Image segmentation assigns a label to each pixel so that the pixels with the same label correspond to certain similar properties.

Medical image segmentation plays a magnificent role in assisting doctors in the prognosis and diagnosis of severe diseases like brain tumour, breast cancer, ovarian cancer, lung cancer, liver cancer, lung nodules and Alzheimer’s disease. It accurately determines an organ’s outline or anatomical structure. The inter-observer variability in manual investigation occurs because of the variations in an individual’s skill level and medical relevance, whether curable or palliative intent, uncertainty in boundary due to volume averaging, spatial resolution and contrast levels in the medical image [5]. It leads to inaccurate and false diagnoses. Through automated medical image segmentation techniques, physicians can diagnose diseases efficiently and effectively. Deploying segmentation techniques in the medical field helps in surgical planning and tracking patient health improvement [6].

The image analysis system’s structured process flow comprises image acquisition, pre-processing, segmentation, feature extraction, and classification. Medical images are acquired from various medical imaging modalities like Magnetic Resonance Imaging, Emission Tomography, X-ray projection, Computed Tomography, thermography, Optical Coherence Tomography, Ultrasonic scanning, and tactile imaging. The acquired images from the patients are routed to the pre-processing module. While acquiring images with each imaging modality, low contrast levels and additive noise are encountered. In pre-processing, denoising through a filtering approach is done to suppress the additive noise and low contrast levels are boosted by histogram equalization. The pre-processed medical images are segmented by computer-aided segmentation methods like optimization and clustering to detect the presence and severity of the diseases and help doctors save human lives. Performance evaluation is carried out by using various performance metrics to choose the right segmentation algorithm, and this evaluation is mandatory in image analysis. For clear understanding, an efficient classification algorithm is also essential for classifying the segmented images.

Diabetic patients have a specific eye disease called diabetic retinopathy. When the diabetic sugar level in the blood increases, the swelling and leakage in blood vessels or closure of blood vessels in the retina occurs, which obstructs the blood flow in the retinal blood vessels. All these malfunctions in the retina can cause human vision loss. Hence, early detection by segmentation methods greatly helps the surgeons in early eye surgical planning to treat the patients, which may prevent blindness. Pregnancy, puberty, cataract surgery and higher body mass index (BMI) are the other risk issues of diabetic retinopathy. According to the World Health Organization (WHO), Diabetic Retinopathy (DR) accounts for 37 million cases of blindness worldwide.

Photographing a large number of diabetic patients periodically is not an easy task, and the expenses for manual retinal examination are also expensive [7]. Hence, automatic screening of retinal images can be done through the automated system, which can differentiate the retinal image as a healthy retinal image or diabetic retinopathy-affected retinal image. The workload of the ophthalmologist can be significantly reduced by examining only the disease-affected images. Non-Proliferative Diabetic Retinopathy (NPDR) and Proliferative Diabetic Retinopathy (PDR) are the two major classes of Diabetic Retinopathy. NPDR is further distinguished as mild NPDR, moderate NPDR and severe NPDR stages. Small regions of balloon-shaped swelling in the retina’s tiny blood vessels at the early stage are termed micro-aneurysms (MA’s). At the moderate stage, as the disease progresses due to poorly controlled glucose levels in the blood or due to the long-standing disease of diabetes mellitus, some MA’s in the blood vessel rupture, causing bleeding in the retina called as hemorrhages. At the advanced stage, large numbers of blood vessels are blocked and dispossess blood supply in several regions of the retina, and these spots appear as yellow or whitish cotton wool spots. At the very advanced stage called Proliferative Retinopathy, the retina triggers the growth of abnormal and fragile blood vessels. The blood leakage from these fragile walls causes severe loss of vision and even blindness.

The main intent of the proposed approach is to attain the effective identification of retinopathy from the images. The research paper presents an efficient image processing framework designed for the diagnosis of diabetic retinopathy. This framework integrates two novel algorithms: the FCM-Based Modified Inertia Weight Particle Swarm Optimization (FCM-MIWPSO) for image segmentation, and the Decision Tree-Based Temporal Association Rule (DT-TAR) for classification.

The paper is structured as follows: Section 2 discusses related works that provide a foundation for further research in this field. Section 3 details the materials and methods, including the proposed model. Section 4 presents the simulation results and provides commentary. Finally, Section 5 offers the conclusions.

2  Related Works

As image analysis manifests its role in various applications, several studies have been conducted, including many investigations. This section presents the literature survey on the research works associated with this research work. In the related work section, we present a comparative analysis of previous studies in the field of diabetic retinopathy detection using image processing and machine learning techniques. This analysis aims to highlight the strengths and limitations of existing methods, providing a clear context for the contributions of our research. Various studies have utilized techniques such as edge detection, morphological operations, and texture analysis for the segmentation and detection of retinal abnormalities. These methods often struggle with variations in image quality and complexity of retinal structures.

A hybrid approach will provide a high level of accuracy to diagnose biomedical diseases, such as the retinal diseases, while requiring a smaller computing load Image preprocessing was used to extract retinal layers. The Firefly algorithm was used to select the best features. Machine Learning classifiers were used instead of multiclass classifications. This study utilized two public datasets, with a mean accuracy of 0.957 for the first dataset and 0.954 for the second.

Xia et al. [8] proposed a DR diagnosis scheme that combines the MPAG and the LLM. Based on the prediction score and the type of lesions in the patches, MPAG generates a weighted attention map based on patches of various sizes, fully considering the impact of lesion types on grading, solving the issue that attention maps of lesions cannot be further refined and then tailored to the final DR diagnosis task. As a result of localization, the LLM produces a global attention map. A weighted attention map and a global attention map are layered with the fundus map to enhance the attention of the classification network to the details of the lesion. This paper demonstrates the effectiveness of the proposed method through extensive experiments on the public DDR dataset, achieving an accuracy of 80.64%. Researchers can explore and achieve effective detection results for diabetic retinopathy by exploring and implementing the research findings from this study. The DRIVE (digital retinal images for vessel extraction) and STARE (structured analysis of the retina) datasets were used for this study. A performance metric including accuracy, specificity, and sensitivity was chosen to demonstrate the methodology’s effectiveness. Compared to previous studies, this study achieved higher accuracy in segmenting blood arteries using the proposed framework).

2.1 Filtering and Enhancement Techniques

In 2018, Storath et al. [9] have proposed a fast-filtering algorithm for denoising images using the unit circle values following the arc distance median. The median filter they designed is robust, value-preserving, and edge-preserving, so it is the most employed filtering tool for real-valued data smoothing. Ultrasound images are more prone to speckle noise, leading to a mixture of different regions; hence, the interpretation of lesions is incorrect. In 2017, Jain et al. [10] proposed the usage of region difference filters in ultrasound liver image segmentation. The filters assess the maximum dissimilarity of the average of two regions around the median pixel. In 2014, Strange et al. [11] implemented coherence-enhancing diffusion filtering (CED) to enhance the myofiber boundaries by extracting the eosinophilic structures and accomplishing stain decomposition from the histological muscle biopsy image while smoothing the noise within the myofiber regions.

In 2015, Rasta et al. [12] performed a comparative study on the pre-processing techniques for illumination correction and contrast enhancement in diabetic retinopathy retinal images. In their comparative study, for illumination correction, they analyzed dividing methods by median filtering and quotient method by homomorphic filtering and inspected contrast limited histogram equalization (CLAHE) and polynomial gray level transformation operator for contrast enhancement. Based on the visual and statistical evaluation, they concluded that the dividing method using median filtering is the most successful technique on the red component to estimate the background. The quotient method is more powerful on the green component for illumination correction and enhancing the retinal image’s contrast. They recommended CLAHE because of its greater accuracy and sensitivity. A comparison among the various filters, such as the box filter, Gabor filter, median filter, and Gaussian filter, for filtering the medical images. Following the estimated peak signal-to-noise ratio (PSNR) values for the Gaussian noise, the median filter has shown better outcomes in their Survey.

2.2 Segmentation and Classification Techniques Text Layout

Much research has been done on image segmentation techniques, especially for segmenting medical images to aid doctors in detecting acute diseases. The high noise-sensitive behaviour of conventional FCM is compromised by altering the membership weighting function of every cluster based on spatial neighborhood information [13]. They achieved robust noise-free segmentation for both real and artificial synthesized images. In 2016, Zou et al. [14] presented an elaborate survey on clustering-based image segmentation techniques. According to them, fuzzy membership of the matrix of FCM is consistent, as it converges to one solution at all times. In 2016, Dubey et al. [15] have taken Euclidean, Manhattan and Pearson correlation coefficients for distance calculation between cluster centres and the data point for analyzing the K-mean algorithm on the Breast Cancer Wisconsin (BCW) dataset. They proved that Euclidean distance and Manhattan performed better than Pearson correlation in distance estimation and achieved a positive% prediction accuracy of 92%.

In 2016, Zou et al. [14] developed a Particle Swarm Optimization (PSO) algorithm that is dynamic in its quantum behaviour of the swarms. Their algorithm dynamically updates the context vector every time, incorporating complete cooperation with other particles. Their experimental results have proved that their method has achieved better search ability and optimal optimization over the previous methods. The fascinating behaviour in the confinement of the best possible solution of particle swarm optimization and the fastest converging feature of FCM are combined for efficient web document clustering. Several experts have proposed modifying the inertia weight in Weighted Inertia Particle Swarm Optimization (IWPSO). In 2012, Zhang et al. [16] demonstrated an inertia weight PSO by choosing a fixed value as an inertia weight from a normally distributed random number between [0,1]. It improves the local search ability in the starting phase and global search capability at the ending phase. Their modification of inertia weight value overcomes the dependency of an increased number of iterations on inertia weight.

In 2017, Kalshetti et al. [17] presented a new algorithm that flows in two stages for segmenting medical images. A binary marker of the desired region of interest is generated using morphological functions as an image in the first stage. In the second stage, the grab-cut technique is used for segmentation, in which the binary marker image is used as a mask image. Further, the results are refined using the graphical user interface (GUI) with minimal user interaction.

In 2017, Xu et al. [18] explored a deep convolution neural network for classifying diabetic retinopathy from eye fundus color images. They demonstrated that their proposed method performed superior over traditional feature-based classification methods. In 2014, Arora et al. [3] suggested that deep learning models like Deep Neural Networks (DNN) and Convolutional Neural Networks (CNN) fix the features of retina images into various classes, such as microaneurysms, blood vessels, exudates, fluid drip and researchers suggested an approach for the detection of Alzheimer’s disease in which the reduction in extracted features like mean, eigenvector, variance, kurtosis, and standard derivation (SD) by particle swarm optimization is achieved and then to classify the brain image as Alzheimer’s disease or not, they employed decision tree classifier. The accuracy of their proposed method is limited to only 91%.

From the literature analysis, it has been identified that the image segmentation process is facing various challenges, such as (i) Utilization of a unique segmentation algorithm for all sorts of medical images, (ii) Determining the optimal objective function or correct pre-defined criterion, (iii) Particular algorithms like multi-thresholding are characterized and mathematically modelled based on complex combinatorial optimization problems. Solving the objective function of such methods can be done only by non-deterministic models, which are very difficult. (iv) Selection of proper quantitative measuring metrics to evaluate the performance of segmentation methods for different input medical images. In this research, initiation has been taken to detect diabetic retinopathy early by proposing an efficient framework comprising identified suitable pre-processing techniques and a hybridized image segmentation algorithm to increase the patient’s life expectancy and improve human life.

3  Materials and Methods

The contribution towards this research work is summarized below: An efficient image processing framework that includes two proposed algorithms that are FCM-Based Modified Inertia Weight Particle Swarm Optimization (FCM-MIWPSO) for segmentation and Decision Tree-Based Temporal Association Rule (DT-TAR) for classification as shown in Fig. 1. This framework consists of four important steps, as illustrated below:

1. Initially, histogram equalization, filtering and enhancement techniques were applied for pre-processing the medical images.

2. Then, pre-processed images are used for the segmentation process, which identifies the affected region of the retina. The proposed FCM-MIWPSO algorithm and existing algorithms were used in this segmentation process.

3. The segmentation process extracts various hybrid features like wavelet, run-length and histogram features.

4. After feature extraction, four existing machine learning classifiers and a proposed DT-TAR classification are employed to identify the efficient classifiers for predicting diabetic retinopathy.

The images are directly processed by histogram equalization, noise removal, and enhancement using pre-processing stages. This research work has five types of retinal fundus images, including normal patient retinal images and four stages of diabetic retinopathy such as mild, moderate, proliferative and non-proliferative. The dataset was acquired from a fundus scanning machine in Bahawal Victoria Hospital (BVH) Bahawalpur. The dataset was collected as part of a broader medical imaging project conducted at BVH, and later made accessible through Kaggle for broader use in academic and clinical research. This dataset consists of high-quality images categorized into five classes: one class representing normal retinal images and four classes representing different levels of diabetic retinopathy. The inclusion of multiple severity levels adds significant depth to the dataset, enhancing its utility for detailed analysis and classification tasks.
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Figure 1: An efficient image processing framework

An ophthalmologist expert in the limelight of various medical examinations and biopsy reports analyzed the acquired images. The occurrence of malignancy in the image is classified by the rules generated from the testing information. Feature vectors are retrieved from the image utilized in testing and training. The classification process is highly influenced by the errors and nature of the dataset, which were rectified by the proposed technique.

3.1 Image Pre-Processing

Removal of noise in a medical image without disturbing the realistic features of an image is done by the filtering process. Filtering approaches are mathematically oriented and modelled based on the prior knowledge of the probability distribution of noise. The various specially designed filters considered in this research to remove the tainted noise in medical images are low pass filter, Gaussian filter, Weiner filter and median filter. The median filter conserves and maintains the edges while eliminating the corrupted noise. It is a statistical spatial domain filter that ranks high in eliminating speckle and impulse noise. The filtering process goes through pixel by pixel, replacing each pixel with the median of the neighborhood pixels. The format of neighbouring pixels is called a window, which slides pixel by pixel over the entire image. The procedure of this median filtering process is explained as follows:

1. Sort all the pixels in the image identified by an N × N mask in ascending or descending order.

2. Compute the median value of the sorted list.

3. Replace the original central pixel value with the computed median value.

4. Repeat Steps 1 to 3 until the median one replaces all the pixels.

Contrast in an image occurs due to the dissimilarity in radiance between two adjacent regions. Contrast enhancement is necessary to improve the visualization of organs, structures, edges and outlines of objects in an image. Contrast enhancement is achieved by expanding an image’s dynamic range of the gray levels. The most frequent enhancement technique used in practice is histogram equalization. Modifications have been made to the traditional histogram to enhance its performance. The image is divided into rectangular blocks; an equalizing histogram is computed for each block to find enhanced density value. Thus, the regions with different grayscale values can be simultaneously enhanced. Based on the histogram of neighbouring pixels, the histogram modification to each pixel is applied adaptively; hence, this equalization method is termed Adaptive Histogram Equalization. The contrast improvement is endorsed through the Contrast Enhancement Factor (CEF).

CEF=ContrastEnhancedImageDenoisedFilteredOutputImage(1)

The study will offer a clearer understanding of the significance of preprocessing steps and substantiate the choice of noise removal and histogram equalization in the proposed framework.

3.2 Fuzzy C-Means-Based Modified Inertia Weight Particle Swarm Optimization (FCM-MIWPSO) Algorithm for Segmentation

FCM is one of the well-known algorithms used greatly in image segmentation. However, the traditional FCM, being highly sensitive to the initialization of cluster centres, falls into the local optimum solution, seriously affecting image segmentation. This study proposes a hybrid algorithm for optimizing particle swarms using enhanced Fuzzy C-Means and modified inertia weights. In the first phase, the modified inertia weight PSO is applied to find the local optimal solution. In the second phase, the final optimized solution is achieved by modified FCM with spatial features. The proposed method integrates the features of both algorithms and yields good accurate results compared to other algorithms.

In practical applications, incorporating a spatial function into the FCM algorithm results in more accurate and reliable image segmentation. This is particularly useful in medical imaging, where precise segmentation is critical for diagnosing conditions and planning treatments.

In this hybrid method, FCM could be used initially to cluster the retinal images into different groups based on pixel intensities or other features relevant to diabetic retinopathy. Then, PSO could be applied to fine-tune the parameters of the FCM algorithm, such as the number of clusters or the fuzziness coefficient, to enhance the clustering performance further. This iterative optimization process can help in finding the optimal partition of the image data, potentially leading to more accurate detection of diabetic retinopathy lesions or abnormalities.

It’s important to carefully design the hybridization of FCM and PSO, considering factors such as parameter initialization, convergence criteria, and the balance between exploration and exploitation in the optimization process. Additionally, thorough experimentation and validation using appropriate datasets with ground truth annotations are essential to assess the performance of the proposed method accurately.

The FCM-MIWPSO method for the early detection of diabetic retinopathy offers significant improvements in diagnostic accuracy, efficiency, patient outcomes, accessibility, and cost-effectiveness compared to traditional methods. These advancements can lead to better overall management of diabetic retinopathy, reducing the incidence of severe complications and improving the quality of life for patients with diabetes.

The remarkable shortfall of standard FCM is that the objective function does not incorporate the spatial information of neighbours. Hence, it is highly sensitive to noise and the segmentation results in discontinuity. In this proposed method, the spatial function is included in the membership weighting function to suppress the effect of noise. In a medical image, the nearby pixels almost hold the same feature data. So, the spatial dependency among the neighbouring pixels should be considered. In general, the spatial function can be modelled as the weighted addition of the fuzzy membership functions in the neighborhood of every pixel. It is mathematically given by the Eq. (2).

Sij=∑K∈H(xj)Uik(2)

The modifications in membership function by including spatial function is given by,

Uij=Uije∗Sijf∑k=1CUije∗Sijf(3)


where the parameter and control the significance of both functions.

In each iteration, the membership function of each pixel is computed in the spectral domain and then mapped into the spatial domain. To achieve perfect classification, new spatial function and lighting function are considered, and they are defined as,

Sij ∗ =∑k∈H(xj)Ujkαk1∑k∈H(xj)Ujkαk2∑t=1C∑k∈H(xj)Utk(4)

Wij=11+exp⁡[−|xi−vi|2∑k=1C|xi−vi|2∗c/n](5)

where H(xi) represents spatial domain window centred on pixels xi.

The new spatial function comprises two parts. The coefficient αk1 in first part corrects the misclassified pixels from noisy regions and αk2 in second part quantifies the membership function. The expressions of αk1 and αk2 are,

αk1=[1+e(θ1|xi−xk|]−1(6)

αk2=[1+e(θ2|xi−xk|]−1(7)

Modified FCM segments the image by minimizing the objective function, and it is given by,

Jij=∑i=1n∑j=1cUijWij||xi−vi|2|(8)

The selection of appropriate inertia weight is the primary criterion for achieving enhanced searchability for PSO. In general, the higher the value of inertia weight, the superior the algorithm performs in global search capability and inferior in local search ability; the smaller the value of inertia weight, the ability of global search and local search are just reversed. Several strategies to select a proper inertia weight have been proposed in earlier studies to balance local and global search ability trade-offs. These limitations of premature convergences and errors in accuracy and efficiency can be eliminated by proposing a modified inertia weight strategy.

The equation gives the value of inertia weight proposed in this work,

w(t)=β1γtetmaxβ2γtetmax(9)


where t lies between 0 and maximum iterative time (tmax). By a suitable selection of parameters, several increasing or decreasing inertia weight strategies can be constructed with the single global minimum in [0, tmax]. Thus, this inertia weight consideration encloses a wide range of strategies. By easily changing the parameters γ, w1, w2, either better accuracy or efficiency or better accuracy and efficiency can be achieved, compromising the trade-off between efficiency and accuracy.

In this proposed method, each particle is presumed to be a candidate cluster centre and particles navigate the search space to search suitable cluster centers. Modified FCM is used to acquire cluster centres that minimize the dissimilarity function and modified inertia weight PSO attributes assigning each pixel to a cluster. Modified FCM takes these centres for better initialization. In this proposed method, instead of randomly initializing the fuzzy membership matrix, the position Pij represents the fuzzy membership matrix so that the membership matrix Uij satisfies the constraint.

∑i=1cpij=1(10)


where Pij represents the membership of the ith particle in the jth cluster. An n × c matrix expresses the velocity of each particle. The fitness function to be considered for modified IWPSO is given by,

fitness=kJij(11)

where k is a constant and Jij is the cost criteria of modified FCM. For smaller the value of Jij fuzzy clustering is better and thus has a higher degree of individual fitness.

Proposed FCM-MIWPSO Algorithm

Step 1: The membership matrix with spatial features is initialized based on the position of Pij.

Step 2: Initial fitness function is evaluated as done in IWPSO.

Step 3: The velocity and position of the particles are updated, in which inertia weight is incorporated by using

w(t)=β1γtetmaxβ2γtetmax

Step 4: Normalize the membership matrix that includes the spatial function Uij given as,

Uij=Uije∗Sijf∑k=1CUije∗Sijf

Step 5: Compute αk1 and αk2 by using

αk1=[1+e(θ1|xi−xk|]−1

αk2=[1+e(θ2|xi−xk|]−1

Step 6: Calculate Sij * and Wij by using equations

Sij ∗ =∑k∈H(xj)Ujkαk1∑k∈H(xj)Ujkαk2∑t=1C∑k∈H(xj)Utk

Wij=11+exp⁡[−|xi−vi|2∑k=1C|xi−vi|2∗c/n]

Step 7: Update the membership matrices and centroids by using the equation

Uij=Uije∗Sijf∑k=1CUije∗Sijf

Step 8: Compute the objective function by equation

Jij=∑i=1n∑j=1cUijWij||xi−vi|2|

Step 9: Compute the new fitness function given in the equation

fitness=kJij

Step 10: Using the new fitness function, proceed with Steps 2 to 8 until the MIWPSO converges.

3.3 Feature Extraction

The dataset for this research work consists of hybrid features of diabetic retinopathy from retinal fundus images. The histogram first-order feature extraction, wavelet and run-length matrix-based second-order feature extraction techniques were used. Histogram features are utilized by selecting the object based on rows and columns. Such a binary object is utilized as a masquerade of the real image for feature extraction. Those features are identified from the intensity of every pixel for the object parts, and histogram probability P(H) is calculated as,

P(H)=K(H)N

The wavelet transform feature can generally be considered a linear transformation implemented on a vector, where the value is a power of two, which numerically varies in quantitative values. The wavelet transform value is calculated using two sub-sampling processes: high and low pass filters.

3.4 Decision Tree-Based Temporal Association Rule (DT-TAR) Algorithm

Classifying the large set of available medical images into different classes as benign or malignant reduces physicians’ workload and time consumption as they need not examine all the test images. The Physician-to-patient ratio is very meagre in developing countries like India. So, classification methods are helpful to compromise this situation.

The DT-TAR algorithm combines the interpretability and straightforward decision-making process of decision trees with the pattern discovery capabilities of association rule mining. This hybrid approach allows the algorithm to capture both the static and dynamic relationships between features within the image data. Temporal features refer to changes in the image data over time. For medical images, these features are crucial as they can indicate the progression or regression of a condition. This work utilizes highly sophisticated classification and efficient decision-making decision tree-based temporal association rule for performing. This hybrid method integrates the characteristic features of association rule mining and decision trees. This exquisite classification algorithm uses temporal features to generate new decision trees from the training image data set. The requisite feeds for this classifier are the image features and training image data set. The most frequently occurring image features are recognized from the training image set. It formulates specially designed association rules based on temporal features between the images over a pre-defined time duration. Depending on the characteristic features like largest information gain, temporal characterization over a period and maximum information gain, the decisions for classifying the images as healthy control images and abnormal images are made.

4  Results and Discussions

4.1 Performance Evaluation Metrics

The premier FCM-MIWPS segmentation algorithm perfectly suited for segmenting a medical image is validated by computing various measuring metrics like accuracy, sensitivity, specificity, false positive rate, and false negative rate. When a person is subjected to medical examination, the normal person is medically termed as healthy control, and the disease-affected person is called a case. When the segmented result says positive for a disease-affected case, it is called true positive. When the segmented outcome says negative for a disease-free person, it is a true negative. When the segmentation output infers that the person is affected by the disease for healthy control, it is a false positive. When the segmentation outcome concludes that the disease-affected person has healthy control, it is a false negative.

Accuracy: This prime performance measuring metric is the ratio of true assessments to the total assessments. This image segmentation metric validates how effectively the disease-affected cases are identified as positive cases and healthy controls are identified as normal persons. The maximized performance of the segmentation algorithm is achieved when this ratio is unity or almost closer to unity, and this metric is mathematically,

Accuracy=TP+TNTP+TN+FP+FN(12)

Sensitivity: Sensitivity is usually termed as a true positive rate, which can be formulated as,

Sensitivity=TPTP+FN(13)

Specificity: Specificity is regularly called a true negative rate, which can be modelled as,

Specificity=TNTN+FP(14)

False Positive Rate: The calculative formula of false positive rate is given as,

FPR=FPFP+TN(15)

False Negative Rate: The computational ratio of false negative rate is given as,

FNR=FNFN+TP(16)

4.2 Experimental Result Analysis

This section demonstrates the segmented results of the employed algorithms in this research and explains the comparative analysis of performance evaluation measures for the algorithms. In this work, we have taken 20 sample images of the eye fundus image from the database. After being pre-processed by median filter and adaptive histogram equalization, these images were subjected to three different segmentation experiments using FCM, IWPSO, and our proposed method.

A confusion matrix provides a summary of prediction results on a classification problem. It shows the number of correct and incorrect predictions made by the model, broken down by each class. The matrix has dimensions equal to the number of classes, with each cell representing the count of instances. Tables 1–3 show the confusion matric in term of the false position and false negative rate. The confusion matrix, in particular, is highly informative as it displays the counts of true positive, true negative, false positive and false negative predictions. From this matrix, other metrics like precision and recall can be calculated, offering a more nuanced understanding of the model’s strengths and weaknesses, especially in handling imbalanced datasets or specific class distinctions.
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The segmented output images of these methods are shown in Figs. 2–4. The comparison among the performance metric values for the algorithms used for detecting diabetic retinopathy is shown in Tables 1–3 and its graphical comparison is given in Figs. 5–7.
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Figure 2: Sample output images of FCM for diabetic retinopathy
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Figure 3: Sample output images of proposed FCM-MIWPSO for diabetic retinopathy
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Figure 4: Sample output images of MIWPSO for diabetic retinopathy
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Figure 5: Graphical comparison of performance measures of DT-TAR classification algorithm using miwpso segmented images
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Figure 6: Graphical comparison of performance measures of DT-TAR classification algorithm using FCM segmented images
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Figure 7: Graphical comparison of performance measures of DT-TAR classification algorithm using FCM-MIWPSO segmented images

To prove the proposed algorithm’s excellent classification, 20 samples containing normal and abnormal images were taken for our experimental consideration. These images were classified using DT-TAR and existing classifiers such as SMO, LMT, MLP, and SLg classification. These classifiers were tested using the segmented images provided by the FCM-MIWPSO segmentation algorithm, whose results are depicted in Fig. 8. From the analysis, it has been found that the proposed DT-TAR classifier performs better than the existing classifiers.
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Figure 8: Graphical comparison of accuracies of existing and proposed DT-TAR classifiers using FCM-MIWPSO segmented images

The performance of the proposed model attains an accuracy of about 98.42%, which indicates the efficiency of the proposed model. The proposed model shows the higher performance as compared to the existing models as shown in Table 4.
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5  Conclusion

The segmented results obtained from various segmentation algorithms, including the proposed algorithm, are thoroughly presented in this research. Performance measures for each algorithm were compared, demonstrating that the proposed method consistently achieved superior performance indicators. This makes it an optimal choice for segmenting regions of interest in medical images, particularly for detecting diabetic retinopathy. Despite the challenges of applying a single algorithm to diverse medical images, our proposed method excels in addressing these challenges, establishing it as a highly recommended segmentation algorithm for different medical imaging applications. Additionally, computational efficiency can be significantly improved by reducing the fuzzy weighting matrices and dissimilarity functions. The future scope of this research is promising, with potential applications extending beyond diabetic retinopathy detection. The proposed framework can be adapted and applied to various other medical imaging challenges, such as tumor detection, organ delineation, and vascular structure analysis. Further research could explore the integration of deep learning techniques to enhance segmentation accuracy and efficiency. Moreover, the adaptability of the proposed method to different imaging modalities, such as MRI, CT scans, and ultrasound images, could be investigated. This would broaden its applicability and impact in the medical field, ultimately contributing to more precise diagnostics and improved patient outcomes.
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Table 1: Comparison of performance measures of DT-TAR classification algorithm using FCM
segmented images

Sample images  Accuracy  Sensitivity  Specificity ¥ FPR ~ FNR

2 89.96 84.32 97.03 2.97 15.68
5 88.87 84.05 96.52 3.48 15.95
10 89.92 83.96 96.48 3.52 16.04
15 89.96 83.68 96.32 3.68 16.32

20 89.32 83.28 96.29 3.71 16.72
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Table 3: Comparison of performance measures of DT-TAR classification algorithm using FCM-
MIWPSO segmented images

Sample images Accuracy Sensitivity Specificity FPR FNR

2 98.62 99.02 100 0 0.98
5 99.02 99.43 100 0 0.57
10 98.48 98.78 100 0 1.22
15 98.83 98.91 100 0 1.09
20 98.42 98.11 100 0 1.89
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Table 4: Performance comparison of the proposed with existing models

Author Proposed model Accuracy (%)
(Parsai et al., 2012) [19] Fused features based CT/PET/MRI 94.7
(Schmauch et al., 2023) [20] Deep learning 91.6
(Jansen et al., 2007) [21] Texture + tree classifier 77
(Schmauch et al., 2023) [20] Internal edge, echogenicity, echo, morphology 93.8
(Oliva et al., 2016) [22] SIOPEL/GPOH, COG, and JPLT 92.5
(Romero-Corral et al., 2006) [23] Inception V3 modified architecture + deep 96
learning
(Oliva et al., 2016) [22] Fused feature 4+ Fuzzy C-Means 91.63
(Peri et al., 2012) [24] Mammogram segmentation 86.67
(Nygard et al., 2000) [25] Spatial and temporal features 91.8
Proposed model Proposed DT-TAR classifiers using 98.42

FCM-MIWPSO






OEBPS/Images/CMC_53565-fig-6.png
Performance Analysis (%)

100

80

60

40 -

20

[CJ Accuracyl”J Sensitivity—_] Specificity__] FPRC_]FNR

97.03

15.68

96.52

88.87

[$]

15.95

96.48 96.32
89.92 89.96

16.04 16.32

10 15

Sample Images

96.2
89.32

20

16.72






OEBPS/Images/CMC_53565-fig-4.png
Image After  Image After Clustered
Noise Contrast Image Segmented
Removal Enhancement Image






OEBPS/Images/logo.png





OEBPS/Images/CMC_53565-fig-2.png
Input Image After Image After  Clustered
Fundus Noise Contrast Image Selg:‘a‘e:ted
Image Removal Enhancement g






OEBPS/Images/CMC_53565-fig-8.png
Comparative Accuracy (%)

100

80

60

40

20

iy

SMO
LMT
MLP
SLg
DT-TAR

77.8

93.78

98.42

72.06

68.6






OEBPS/Images/table-2.png
Table 2: Comparison of performance measures of DT-TAR classification algorithm using MIWPSO
segmented images

Sample images  Accuracy  Sensitivity  Specificity ¥ FPR ~ FNR

2 94.18 85.18 97.13 2.87 14.82
5 92.08 84.88 96.58 3.42 15.12
10 93.46 86.05 97.42 2.58 13.95
15 92.68 84.86 96.84 3.16 15.14

20 92.32 83.22 95.63 4.37 16.78
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