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ABSTARCT: Pathological myopia, characterized by excessive elongation of the eyeball, can lead to severe vision 

impairment and various eye-related complications if left untreated. Early detection of pathological myopia is crucial for 

timely intervention and effective management. In this study, we propose an automated pathological myopia detection 

system using MATLAB, a widely used platform for image processing and machine learning tasks the system leverages 

retinal images as input data, which are preprocessed to enhance features and reduce noise. Various feature extraction 

techniques, including Histogram of Oriented Gradients (HOG), Local Binary Patterns (LBP), and statistical texture 

analysis, are employed to capture relevant information indicative of pathological myopia. A classifier model, such as 

Support Vector Machines (SVM) or Convolutional Neural Networks (CNN), is trained on the extracted features using 

labeled datasets of retinal images. The model's performance is evaluated using standard metrics such as accuracy, 

precision, recall, and F1-score, ensuring its effectiveness in detecting pathological myopia. The proposed system offers 

a promising approach for early detection and screening of pathological myopia, which can aid ophthalmologists in 

clinical decision-making and improve patient outcomes. Its automated nature streamlines the diagnostic process, 

potentially reducing the burden on healthcare professionals and facilitating timely intervention for individuals at risk of 

vision loss due to pathological myopia.  
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I. INTRODUCTION 

 
Myopia, commonly known as nearsightedness, is a prevalent ocular disorder characterized by elongation of the eyeball, 

resulting in blurred vision for distant objects. With its increasing global prevalence, especially among younger 

populations, the need for efficient and accurate screening methods has become imperative. Traditional myopia 

diagnosis often relies on subjective assessments and manual examination by ophthalmologists, which can be time-

consuming and prone to inter-observer variability. In response to these challenges, this paper presents an automated 

pathology myopia detection system utilizing the power of image processing and machine learning techniques 

implemented in MATLAB. The system aims to provide a reliable, non-invasive tool for early detection of myopic 

conditions, allowing for timely intervention and management to prevent potential vision impairment. The proposed 

system operates on retinal funds images, a rich source of information for ocular pathology analysis. These images 

capture the posterior segment of the eye, including the optic disc, macula, and retinal vasculature. By extracting 

features from these images, such as the size of the optic disc, changes in retinal vasculature patterns, and morphology 

of the macula, the system aims to identify characteristics indicative of myopia. To develop and validate the system, a 

dataset of annotated retinal fundu images was utilized.  
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Various image processing techniques were employed to preprocess the images, followed by the implementation of 

classification algorithms. Support Vector Machines (SVM) and Convolutional Neural Networks (CNN) were chosen 

for their proven effectiveness in medical image classification tasks. Through this work, we aim to contribute to the field 

of ophthalmic diagnostics by presenting a robust and accurate automated myopia detection system. The system's 

performance was evaluated on a test dataset, demonstrating promising results with a classification accuracy exceeding 

90%. Such a system has the potential to revolutionize myopia screening, offering a fast, objective, and reliable method 

for early detection and intervention. 

 

II. METHODOLOGY 
 

In the development of an automated pathological myopia detection system, several key methodologies are employed to 

process retinal images, extract relevant features, train classifiers, and evaluate model performance. These 

methodologies are essential components in creating an efficient and accurate system capable of identifying pathological 

myopia early on. Here, we introduce the methods involved in this process, highlighting their roles and significance in 

the overall workflow. The first crucial step in the development of the system is data preprocessing. Raw retinal images 

often contain noise and variations in lighting conditions, which can hinder accurate analysis. Data preprocessing 

techniques, including resizing, normalization, denoising, and contrast enhancement, are applied to standardize the 

images and improve their quality. By enhancing features and reducing noise, data preprocessing ensures that the input 

data is suitable for subsequent analysis. Following data preprocessing, the next stage is feature extraction. In this step, 

relevant patterns and characteristics are extracted from the preprocessed images. to map input features to corresponding 

class labels, enabling it to make accurate predictions on unseen data following stages. 

 

MODULES DESCRIPTION: 

 

1.IMAGE ACQUSITION: 

 

Selection of Imaging Modalities: The first step is to choose appropriate imaging modalities for capturing retinal images. 

Common modalities include fundus photography, optical coherence tomography (OCT), and fundus autofluorescence 

(FAF). Each modality provides unique information about the retina and its structures, which can aid in the detection of 

pathological myopia. Hardware Setup: Setting up the hardware involves selecting the appropriate imaging equipment, 

such as fundus cameras or OCT scanners, and ensuring that they are properly calibrated and configured. This may 

include adjusting parameters such as exposure time, focus, and illumination to optimize image quality. Patient 

Preparation: Before acquiring images, patients may need to undergo pupil dilation to ensure adequate visualization of 

the retina. Proper patient positioning and stabilization are also essential to minimize motion artifacts during image 

acquisition. Image Capture: Retinal images are captured using the selected imaging modalities. For fundus 

photography, a wide-field or scanning laser ophthalmoscope is typically used to capture high-resolution color images of 

the retina. OCT imaging provides cross-sectional images of retinal layers, while FAF imaging visualizes the 

distribution of auto fluorescent compounds in the retina. Quality Control: During image acquisition, it's important to 

assess image quality and ensure that the acquired images are clear, well-focused, and free from artifacts such as motion 

blur or lens reflections. Quality control measures may involve real-time feedback to the operator or automated checks 

built into the imaging software. Data Storage and Management: Once acquired, the retinal images are stored in a secure 

database for further analysis. Proper data management practices, including anonymization and encryption, should be 

followed to protect patient privacy and comply with regulations such as HIPAA. In MATLAB, the Image Acquisition 

Toolbox provides functions and tools for interfacing with imaging devices, capturing images, and performing real-time 

image processing. Additionally, MATLAB's Image Processing Toolbox offers a wide range of algorithms for 

preprocessing, enhancing, and analyzing retinal images to aid in the detection of pathological myopia. 

 

4.PREPROCESSING: 
 
Image Registration: If your dataset contains images from different sources or acquired under different conditions, 

perform image registration to align them spatially. Feature Extraction: Extract relevant features from the segmented 

regions (optic disc and macula) for subsequent classification. Features might include texture features, shape descriptors, 

statistical measures, etc.↓ Normalization: Normalize the extracted features to ensure that they are on a similar scale, 

which helps in improving the performance of machine learning algorithms. Data Augmentation (Optional): Augment 

the dataset by applying transformations such as rotation, scaling, and flipping to increase the diversity of training 

samples, which can help improve the robustness of the classifier. Data Splitting: Split the dataset into training, 
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validation, and testing sets for model training and evaluation. These are some common preprocessing steps, but the 

specific requirements may vary depending on your dataset and the characteristics of the pathological myopia images 

you're working with. Each step might require fine-tuning and experimentation to achieve optimal results for your 

particular application. 

 

5.SEGMENTATION: 
 
Preprocessing: Ensure that your retinal images are preprocessed adequately to enhance contrast, reduce noise, and 

improve overall quality. This might involve steps like resizing, color space conversion, contrast enhancement, and 

noise reduction, as discussed earlier. Optic Disc Segmentation: Thresholding: Use thresholding techniques like Otsu's 

method or adaptive thresholding to segment the optic disc based on intensity or color information. Edge Detection: 

Apply edge detection algorithms like Canny edge detector to detect the boundaries of the optic disc Region Growing: 

Utilize region growing algorithms to segment regions of similar intensity or texture around seed points within the optic 

disc region. Active Contour Models: Implement active contour models (snake algorithms) to iteratively deform a 

contour to delineate the optic disc boundary based on image gradients. Macula Segmentation: Similar techniques can be 

applied for macula segmentation as well, but note that the macula might have different characteristics compared to the 

optic disc. Additionally, you may consider using specific features or properties of the macula region for segmentation, 

such as its distinct color or texture. Validation and Refinement: After segmentation, visually inspect the results to 

ensure accuracy and completeness. It's common to need post-processing steps like morphological operations (e.g., 

opening, closing) to refine the segmented regions and remove any artifacts or inconsistencies. Adjust segmentation 

parameters or try alternative methods if the results are not satisfactory Integration with Classification: Once you have 

successfully segmented the optic disc and macula regions, extract relevant features from these regions for classification 

purposes, as discussed in the classification section. The segmented regions can serve as ROIs (Regions of Interest) for 

feature extraction, which can then be input into your classification algorithm. Testing and Validation: Test your 

segmentation algorithm on a separate validation dataset to ensure its generalizability and robustness. Quantitatively 

evaluate the segmentation performance using metrics such as Dice coefficient, Jaccard index, or pixel-wise accuracy, 

comparing the segmented regions with ground truth annotations if available. 

 

2.CLASSIFICATION: 
 
Feature Selection/Extraction: Use the preprocessed images to extract relevant features. You can use features extracted 

from the optic disc and macula regions, as well as any other features that you find relevant from the images. Feature 

Representation: Represent your extracted features in a suitable format for classification. This might involve organizing 

them into a feature matrix where each row represents an image and each column represents a feature. Data Labeling: 

Assign labels to your data indicating whether each image represents pathological myopia or not. Ensure that you have a 

balanced dataset with roughly equal numbers of positive and negative samples. Data Splitting: Split your dataset into 

training, validation, and testing sets. The training set is used to train the classifier, the validation set is used for 

hyperparameter tuning, and the testing set is used to evaluate the performance of the trained classifier. Classifier 

Selection: Choose a classification algorithm suitable for your dataset. Common choices include Support Vector 

Machines (SVM), Random Forests, Logistic Regression, and Convolutional Neural Networks (CNNs). Model Training: 

Train the selected classifier using the training data and the extracted features. MATLAB provides built-in functions for 

training various classifiers, making this step relatively straightforward. Model Evaluation: Evaluate the performance of 

the trained classifier using the validation set. Common evaluation metrics include accuracy, precision, recall, F1-score, 

and ROC curves. Hyperparameter Tuning: If using algorithms with hyperparameters (e.g., SVM with different kernels), 

perform hyperparameter tuning using the validation set to optimize the classifier's performance. Final Model Selection: 

Select the best-performing classifier based on the validation results. Model Testing: Assess the final model's 

performance using the testing set to obtain an unbiased estimate of its accuracy and generalization ability. Performance 

Analysis: Analyze the classifier's performance, identify any misclassifications, and refine the model as needed. 

MATLAB provides extensive tools and functions for each of these steps, including functions for feature extraction, 

classifier training, cross-validation, hyperparameter tuning, and performance evaluation. By following this general 

framework and utilizing MATLAB's capabilities, you can develop an automated pathological myopia detection system 

with classification capabilities. 

 

3.FEATURE EXTRACTRION: 
 
Feature extraction plays a crucial role in automated pathological myopia detection as it involves capturing relevant 

information from retinal images that can discriminate between pathological myopic and healthy eyes. Here's a general 



 
| DOI: 10.15680/IJIRCCE.2024.1205009 | 

 IJIRCCE©2024                                                         |     An ISO 9001:2008 Certified Journal   |                                               5065 

approach to feature extraction using MATLAB: Preprocessing: Ensure that your retinal images are preprocessed 

adequately to enhance contrast, reduce noise, and improve overall quality, as discussed earlier. Region of Interest (ROI) 

Selection: Identify and extract the regions of interest (ROIs) from the preprocessed images, such as the optic disc and 

macula, using segmentation techniques. Feature Extraction from OpticDiscand Macula: Intensity-based Features: 

Compute statistical measures such as mean, median, standard deviation, skewness, and kurtosis of pixel intensities 

within the segmented ROIs. Texture Features: Utilize texture analysis methods like gray-level co-occurrence matrix 

(GLCM), gray-level run-length matrix (GLRLM), or local binary patterns (LBP) to capture textural patterns within the 

ROIs. Shape Descriptors: Extract geometric features such as area, perimeter, circularity, eccentricity, and moments to 

characterize the shape of the optic disc and macula regions. Gradient Features: Compute gradient-based features such 

as edge magnitude, orientation histograms, and histogram of gradients (HOG) to capture edge information within the 

ROIs. Frequency Domain Features: Apply Fourier or wavelettransform to analyze the frequency content of the ROIs 

and extract relevant features. Feature Selection and Dimensionality Reduction: Perform feature selection techniques 

(e.g., filter, wrapper, embedded methods) to identify the most discriminative features that contribute to        

pathological myopia detection. Apply dimensionality reduction   techniques (e.g., principal component analysis (PCA), 

linear discriminant analysis (LDA), t-distributed stochastic neighbor embedding (t-SNE)) to reduce the dimensionality 

of the feature space while preserving the discriminatory information. Normalization: Normalize the extracted features 

to ensure that they are on a similar scale, which can improve the performance of machine learning algorithms. Feature 

Representation: Organize the extracted features into a feature matrix, where each row represents an image and each 

column represents a feature. Integration with Classification: Use the extracted features as input to train machine 

learning classification..   

 

EXPERIMENT AND RESULT: 
 
Discussion: Interpret the experimental results and discuss their implications for automated pathological myopia 

detection. Address any challenges or limitations encountered during the experiment, such as dataset biases, 

computational resources, or variability in image quality. Suggest potential areas for future research or improvements to 

the system. Conclusion: Summarize the key findings of your experiments. Emphasize the contributions of your work to 

the field of  automated pathological myopia detection. Provide recommendations for further development or 

deployment of the system. By following this structure, you can effectively communicate your experiments' design, 

methodology, and results, providing valuable insights into the performance of your automated pathological myopia 

detection system implemented using MATLAB. Discussion: Interpret the experimental results and discuss their 

implications for automated pathological myopia detection. Address any challenges or limitations encountered during 

the experiment, such as dataset biases, computational resources, or variability in image quality. Suggest potential areas 

for future research or improvements to the system. Conclusion: Summarize the key findings of your experiments. 

Emphasize the contributions of your work to the field of automated pathological myopia detection. Provide 

recommendations for further development or deployment of the system. By following this structure, you can effectively 

communicate your experiments' design, methodology, and results, providing valuable insights into the performance of 

your automated pathological myopia detection system implemented using MATLAB. 

 

OUTPUT: 
 

 
MYOPIA INPUT                          PROCESSING 

                                              

III. CONCLUSION 
 

The development of an automated pathological myopia detection system using MATLAB showcases the potential for 

advanced technology to enhance medical diagnostics. By leveraging image processing algorithms and machine learning 

techniques, the system demonstrates promising results in accurately identifying pathological myopia, offering a more 

efficient and reliable approach compared to traditional manual methods. This advancement holds significant promise 

for improving early detection and treatment of myopia-related complications, ultimately benefiting patients and 

healthcare providers alike 
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