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Abstract: 

Eye diseases are one of the health issues that can lead to a decline in visual acuity if not detected 

and treated at an early stage. With advances in digital image processing and machine learning 

technologies, eye images can be utilised as a source of information to support the automated 

classification of eye diseases. This study aims to apply the K-Nearest Neighbour (K-NN) 

algorithm to classify eye diseases based on eye images. The dataset used in this study consists 

of 4,217 eye images categorised into four classes: cataract, glaucoma, diabetic retinopathy, and 

normal. The research stages included image pre-processing, comprising conversion to greyscale 

images, normalisation, segmentation, and resizing. Next, texture features were extracted using 

the Gray Level Co-occurrence Matrix (GLCM) method to obtain features representing the 

characteristics of the eye images. The data were then split into training and test sets in an 80:20 

ratio before classification was carried out using the K-NN algorithm. The evaluation results show 

that the K-NN algorithm with K = 7 achieved an accuracy rate of 81 per cent, indicating that the 

model is able to classify the majority of eye images accurately. 

 

1. Introduction * 

Data mining is a crucial stage in the process of knowledge discovery in databases, also known as Knowledge 

Discovery in Databases (KDD) (Sudipa et al., 2023). This process not only emphasises pattern recognition but also 

involves various interrelated stages, ranging from data management, pre-processing, model selection, inference and 

pattern evaluation to the visualisation of the results obtained. Developments in data mining have been further facilitated 

by advances in artificial intelligence (AI), machine learning, statistics, and database systems, which enable data 

processing to be carried out more effectively and efficiently (Baloch et al., 2023). 

One of the most widely used techniques in data mining is classification. Classification is one of the main techniques 

in data mining, involving the grouping of data into predetermined categories or classes based on existing attributes 

(Mughnyanti & Subhan, 2023). The aim is to build a model capable of predicting the category or label of unknown 

data. The benefit of classification in data mining is that a good classification model provides accurate predictions 

regarding the category or label of unknown data based on patterns learnt from the training data (Sudipa et al., 2023). 

In the healthcare sector, classification techniques in data mining are widely applied to identify and diagnose various 

diseases. Classification enables models to predict disease categories based on patterns learnt from image data or medical 

records, thereby facilitating accurate and efficient diagnosis (Gunawan et al., 2025). One application that has attracted 

considerable attention is the classification of diseases based on eye images. 
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The eye is one of the five senses that is vital to human survival. The eye is the organ of sight that detects light. A 

basic function of the eye is to distinguish between light and dark (Suwanda & Juniati, 2022). Corneal disease is one of 

the leading causes of blindness worldwide, ranking fourth after cataracts, glaucoma and age-related macular 

degeneration. Based on data from the WHO (2020) and a meta-analysis by Wang et al. (2023), it is estimated that 

approximately 1.5 to 2 million new cases of monocular blindness due to corneal ulceration occur each year. Incidence 

and prevalence rates vary significantly between developed and developing countries. 

Advances in digital image processing and machine learning technologies have opened up opportunities to develop 

automated systems for classifying eye diseases. One algorithm frequently used in the classification process is the K-

Nearest Neighbour (K-NN) algorithm. The K-NN algorithm works by classifying data based on its proximity to a 

number of the nearest neighbours from the training data. This method has the advantages of being simple to implement, 

easy to understand, and capable of delivering good performance in various classification scenarios (Eka Pratiwi et al., 

2022). 

Several previous studies have shown that the K-NN algorithm has good potential for medical image classification. 

Research conducted by Ujianto et al. (2025) revealed that the application of K-NN to medical images, with appropriate 

parameter settings, was able to achieve an accuracy of 90 per cent. Another study by Pamuji et al. (2025) on cataract 

classification recorded an accuracy of 98.33 per cent following parameter optimisation and image pre-processing. 

Furthermore, Ilmi et al. (2024) used the Local Binary Pattern (LBP) method for texture feature extraction in retinal 

fundus images and applied K-NN as the classification algorithm, resulting in an accuracy rate of 93.07%. 

In light of these issues, this study applies the K-Nearest Neighbour (K-NN) algorithm to classify eye diseases based 

on digital images. The classification process involves image pre-processing and the extraction of texture features using 

the Local Binary Pattern (LBP) and Grey Level Co-occurrence Matrix (GLCM) methods, as well as parameter 

optimisation to improve the model’s performance. This study aims to evaluate the capability of the K-NN algorithm in 

classifying eye diseases and to analyse the impact of parameter optimisation on classification results. The findings are 

expected to support the development of a more accurate and efficient early-detection system for eye diseases. 

2. Literature Review 

2.1. Machine Learning 

Machine learning is a branch of artificial intelligence (AI) that focuses on the development of systems capable of 

learning from data and past experience without having to be explicitly programmed for each task they perform. 

Through this learning process, the system can recognise patterns, make predictions and take decisions based on 

information derived from the data (Kusuma, 2020). 

 

2.2.  Classification 

Classification is a data mining technique used to build models capable of grouping data into specific classes based 

on patterns learnt from labelled training data (Sudipa et al., 2023). The classification process generally consists of 

two stages: training, to build the model, and testing, to evaluate the model’s accuracy in predicting the class of 

new, unknown data. Models that have demonstrated good performance can subsequently be used to classify real-

world data automatically (Rashad et al., 2023).  

The confusion matrix comprises true positives (TP), false negatives (FN), false positives (FP) and true negatives 

(TN). TP refers to positive data that are correctly detected. FN is the opposite of a true positive; that is, positive 

data that are incorrectly detected as negative. As for FP, this refers to negative data that is incorrectly detected as 

positive, whilst TP refers to negative data that is correctly detected (Rashad et al., 2023). From the confusion 

matrix, several evaluation metrics can be calculated to assess how well a classification model performs in 

predicting the data in question (Yuliarni, 2024): 

- Accuracy is the proportion of correct predictions out of all observations. 

Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

- Precision is the proportion of positive cases correctly predicted out of all cases predicted to be positive. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

- Recall is the proportion of positive cases correctly predicted out of all actual positive cases. 
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𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

- F1-Score is the harmonic mean of precision and recall. 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 

2.3. K-Nearest Neighbor (K-NN) 

K-Nearest Neighbour (K-NN) is a non-parametric machine learning algorithm widely used for classification and 

regression tasks. Its non-parametric nature makes this algorithm highly flexible, as it does not require any 

assumptions regarding the data distribution (Aziza et al., 2024). The basic principle of K-NN is highly intuitive: 

the algorithm assumes that objects sharing similarities in the feature space are likely to have the same label or 

value. In other words, K-NN predicts the class of a new data point by identifying the ‘k’ training data points that 

are closest to or most similar to that data point (Pauji et al., 2022). Proximity distances via intervals can be 

calculated using the Euclidean matrix and the Manhattan matrix. According to Sugriyono & Siregar (2020), the 

formulae for calculating these distances are as follows: 

a) Euclidean Matrix 

 

𝑑1(𝑥, 𝑦) = √∑ (𝑥𝑖 − 𝑦𝑖)2𝑛
𝑖=1    

b)  Manhattan Matrix 

𝑑2(𝑥, 𝑦) =  ∑ (𝑥𝑖 − 𝑦𝑖)𝑛
𝑖=1      

The K-NN algorithm works by determining the value of k as the number of nearest neighbours to be used, then 

calculating the distance between the new data point and all the training data using a specific metric (I. P. Putri, 

2021), such as Euclidean or Manhattan. The new data is then classified based on the most dominant class among 

those k nearest neighbours (Sugriyono & Siregar, 2020). 

 

2.4. Digital Images 

A digital image is a finite set of values representing a two-dimensional image, known as pixels. Pixel values 

typically represent greyscale levels, colour, height and other characteristics. Furthermore, digitisation implies that 

a digital image is an approximation of a real-world scene (Setiawan, 2019). Another term for a digital image is 

‘image’, and it is a component of multimedia in the form of visual information produced through the process of 

digitisation (Sufie, 2023). There are several pre-processing stages for digital images that are generally carried out 

before proceeding to the feature extraction or classification stages. These stages include (Subandi et al., 2023). 

 

2.4.1 Image Conversion 

The initial stage in the pre-processing of digital images is usually the conversion of the image from colour (RGB) 

format to greyscale. This conversion is carried out to simplify the image data by reducing the colour dimensions 

from three channels (red, green, blue) to a single greyscale intensity channel. 

 

2.4.2 Noise Reduction 

Noise is random interference that appears in digital images due to various factors such as lighting conditions, 

camera sensors or data transmission. Noise can obscure important details and reduce image quality, thereby 

affecting the results of the analysis. 

 

2.4.3 Image Normalisation 

Normalisation is the process of adjusting the intensity of image pixels so that they fall within a specific range of 

values, for example 0 to 1 or 0 to 255. The aim of normalisation is to make the image data consistent and uniform, 

thereby minimising differences in intensity caused by lighting or imaging conditions. 
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2.4.4 Image Segmentation 

Segmentation is the process of separating objects or important areas within an image from their background. This 

stage is crucial for focusing on the relevant parts of the image, such as objects that are to be recognised or analysed. 

 

2.4.5 Feature Extraction 

Feature extraction refers to the key characteristics of an image that can be used to distinguish one object from 

another or for classification. Features may include texture, shape, colour, or specific patterns extracted from a 

processed image. Effective feature extraction enhances the performance of pattern recognition or classification 

algorithms, as the extracted features represent the key characteristics of the objects in the image. The features 

generated by the extraction method consist of basic statistical features and texture features based on the Grey 

Level Co-occurrence Matrix (GLCM) method. The feature extraction used in this study comprises statistical 

features and texture features. The statistical features include mean, standard deviation, minimum, maximum and 

entropy, whilst the texture features include contrast, correlation, energy and homogeneity. 

 

2.5. The Eye 

The eye, one of the human sensory organs that functions as an organ of sight, is a complex structure. When we 

mention the word ‘eye’, what usually springs to mind is the eyeball. The crystalline lens, which is a transparent, 

colourless disc-shaped structure, plays a crucial role in our ability to see. This lens is approximately 4 mm thick 

and 9 mm in diameter. The crystalline lens is situated in the anterior segment of the eyeball, suspended by the 

zonules behind the iris. In front of the lens lies the aqueous humour, whilst behind it lies the vitreous body. The 

surface of the lens is divided into the anterior surface and the posterior surface. The anterior surface has an 

elliptical curvature with the apex of curvature at the centre, known as the anterior pole, with a radius of curvature 

of approximately 10 mm. The posterior surface is more convex than the anterior surface. The line connecting the 

anterior and posterior poles is called the lens axis (Yuliarni, 2024). 

 

2.5.1 Normal 

A normal eye is one that functions optimally without any structural or pathological abnormalities. A normal eye 

is capable of receiving and processing light, thereby producing clear and sharp vision (G. R. Putri et al., 2023). 

 

2.5.2 Cataract 

A cataract is a condition in which the eye’s lens becomes cloudy and opaque. Generally, the development of a 

cataract is gradual and may not initially cause significant discomfort (Firnando & Suryana, 2023). 

 

2.5.3 Glaucoma 

Glaucoma is a condition that affects vision. Elevated intraocular pressure can cause damage to the optic nerve, 

which forms part of the retina at the back of the eyeball. The optic nerve connects the light-sensitive tissue (the 

retina) to the part of the brain that processes visual information (Pertiwi & Utomo, 2023). 

 

2.5.4 Diabetic Retinopathy 

Diabetic retinopathy is a medical condition characterised by the dilation of blood vessels in the eye; if left 

untreated, this can lead to the development of new blood vessels that may cover the retina, ultimately resulting in 

blindness (Rizal et al., 2020). 

3. Research Methodology 

3.1. Type of Research 

This study is a quantitative study that aims to apply the K-Nearest Neighbour (K-NN) algorithm to classify 

diseases based on eye images. The classification process involves image pre-processing, the extraction of 

statistical and textural features using the Local Binary Pattern (LBP) and Gray Level Co-occurrence Matrix 

(GLCM) methods, and parameter optimisation to obtain the model with the best performance. Model performance 

is evaluated using the metrics of accuracy, precision, recall, F1-score, and confusion matrix. 

3.2. Data Sources 

The data used in this study is secondary data. The data consists of corneal images sourced from 

(https://www.kaggle.com/datasets/gunavenkatdoddi/eye-diseases-classification). The dataset comprises 4,217 

corneal image files. 

https://www.kaggle.com/datasets/gunavenkatdoddi/eye-diseases-classification


Zalzabila et.al |  VARIANSI: Journal of Statistics and Its application on Teaching and Research Vol. 8 No. 2 (2026), 269-279 273 

 

3.3. Research Procedure 

The research procedure was carried out in several stages, namely: 

1.    Collecting image data from the Kaggle dataset. 

2.    Pre-processing the image data. 

3.    Building a classification model using the K-NN method. 

4.    Evaluating the performance of the K-NN model. 

5.    Drawing interpretations and conclusions based on the results of the K-NN classification model evaluation. 

6.    Compiling a report on the research findings. 

 

3.4. Data Analysis Techniques 

The data analysis techniques used include: 

1. Importing eye images from a dataset obtained from Kaggle 

2. Image pre-processing 

Before being used in the K-NN algorithm, the images undergo a pre-processing stage to improve their 

quality and reduce noise. These stages include: 

a) Grayscale conversion, i.e. converting colour images to grayscale to simplify the computational 

process. 

b) Normalisation, i.e. adjusting the intensity of image pixels within a range of 0 to 1 or 0 to 255. 

c) Segmentation, i.e. separating the relevant parts of the eye from the background. 

d) Resizing: standardising the image size to match the algorithm’s input format. 

e) Feature extraction: extracting key features from each image. 

3. Implementation of the K-NN algorithm 

The K-NN algorithm will be implemented using the Google Colab programming language. The 

implementation steps are as follows: 

a) Data splitting: the feature-extracted data is divided into training and testing data sets using several 

splitting ratios, namely 80:20, 70:30 and 60:40. This splitting aims to evaluate the performance of 

the classification model across various proportions of training and test data. 

b) Determining the value of K: Testing several different values of K (the number of nearest neighbours) 

to find the optimal value that yields the best accuracy. 

c) Performing the classification process: for each test image, the algorithm calculates the distanceusing 

the Euclidean or Manhattan distance—between that image and all images in the training data. The 

algorithm selects the k training images with the closest distances. The class (disease label) of the 

test image is determined based on the majority class of these k nearest neighbours. 

4. Performance Metrics 

To evaluate the performance of the K-NN model, several metrics commonly used in classification will 

be employed, namely: 

a)  Accuracy  

b) Precision 

c) Sensitivity 

d) F1-Score 

 

4. Results and Discussion 

4.1. Data Description 

This study utilised eye images as its primary subject matter, sourced from an online eye disease dataset. This dataset 

comprises four categories, namely cataracts, diabetic retinopathy, glaucoma and normal eyes, with a total of 4,217 eye 

images categorised into these groups.  
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Table 4. 1 Distribution of data counts 

Disease Class Number of Images 

Cataracts 1.038 

Diabetic retinopathy 1.098 

Glaucoma 1.007 

Normal 1.074 

Total 4.217 

Source : Output Google Colab (2026) 

 

 

    
(a)          (b)      (c)             (d) 

Figure 4. 1 Examples of eye disease images 

The examples of images in the dataset shown in Figure 4.1 are intended to illustrate the differences in visual 

characteristics between classes prior to the pre-processing, feature extraction and classification stages using the K-NN 

algorithm. Figure (a) shows the original image of an eye with cataracts, Figure (b) shows the original image of an eye 

with diabetic retinopathy, Figure (c) shows the original image of an eye with glaucoma, and Figure (d) shows the 

original image of a normal eye. 

 

4.2. Data Preprocessing 

4.2.1. Grayscale Conversion 

 

The process of converting an image to greyscale is carried out to simplify the image representation by 

transforming a colour (RGB) image into a greyscale image. This step aims to reduce data complexity 

without losing important textural information. The use of greyscale images also makes the feature 

extraction process more efficient as it involves only a single pixel intensity channel 

. 

 
    (a)          (b)             (c)              (d) 

Figure 4. 2 illustrates the stages of greyscale conversion. 
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Figure (a) shows a cataract-affected eye that has undergone the grayscale conversion process; Figure (b) shows an 

eye with diabetic retinopathy that has undergone the grayscale conversion process; Figure (c) shows a glaucoma-

affected eye that has undergone the grayscale conversion process; Figure (d) shows a normal eye that has undergone 

the grayscale conversion process. 

4.2.2. Normalisation 

The normalisation stage is carried out with the aim of scaling the pixel intensity values of an image to a 

specific range, namely between 0 and 1. This process aims to reduce the impact of differences in lighting 

between images and to standardise the data scale so that the distribution of pixel values becomes more 

consistent. Normalisation is carried out by dividing each pixel intensity value—which originally fell 

within the range 0–255—by the maximum value of 255. Through this process, distance calculations in 

the K-NN algorithm become more stable and efficient, thereby improving performance during the feature 

extraction and classification stages. 

4.2.3. Segmentation 

Following the normalisation stage comes the image segmentation stage. This stage is carried out with the 

aim of separating the main object from the image background. In this study, the segmentation process is 

used to highlight the eye area, which contains important information relating to disease characteristics. 

Through segmentation, irrelevant areas can be minimised so that the analysis focuses more on the parts 

of the image that make a significant contribution to the feature extraction process. It is hoped that this 

will improve the accuracy of the features produced and enhance performance and accuracy during the 

classification stage using the K-NN algorithm. 

 

(a)           (b)             (c)              (d) 

Figure 4. 3 Segmentation stages 

Figure 4.3 illustrates the stages of segmentation. Figure (a) shows an eye with cataracts that has undergone the 

segmentation process; Figure (b) shows an eye with diabetic retinopathy that has undergone the segmentation 

process; Figure (c) shows an eye with glaucoma that has undergone the segmentation process; and Figure (d) shows 

a normal eye that has undergone the segmentation process. 

 

 

4.2.4. Resizing 

The resizing stage involves adjusting the image size to 224 × 224 pixels. This step aims to standardise the 

dimensions of all images used in the study so that each image has a consistent size. Standardisation of image 

size is necessary to ensure that feature extraction and distance calculations in the K-NN algorithm can be 

performed optimally. With images of the same dimensions, differences in the number of pixels between images 

can be minimised, resulting in more stable and accurate analysis results. 

 

4.2.5. Feature Extraction 

The feature extraction stage is carried out to convert the pre-processed images into a set of numerical values 

representing the key characteristics of the corneal image. In this study, feature extraction aims to capture 

statistical and textural information relevant to distinguishing between normal eyes and those with abnormalities. 

Based on the results of the feature extraction, a total of 4,217 image data points were obtained, each represented 
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by 21 numerical features. These features consist of basic statistical features and texture features extracted using 

the Grey Level Co-occurrence Matrix (GLCM) method. 

 

4.3. Implementation of the K-NN Algorithm 

4.3.1. Data splitting 

The training and test data were split using several ratios, namely 80:20, 70:30 and 60:40. This data split was 

carried out to enable the model to learn patterns optimally from the training data, whilst also providing 

representative test data to evaluate the model’s accuracy and reliability against data that had not been used in 

the training process. The results of the training and test data split are shown in Table 4.2. 

Table 4. 2 Distribution of Training and Testing Data 

Training Testing Total 

80% (3.373 data) 20% (844 data) 100% (4.217 data) 

70% (2.951 data) 30% (1.266 data) 100% (4.217 data) 

60% (2.530 data) 40% (1.687 data) 100% (4.217 data) 

 

4.3.2. Determining the Value of 𝒌 

The value of k represents the number of nearest neighbours used as a reference in determining the class of a 

test data point. In this study, the value of k was obtained by testing several variations of k using the training 

data. To obtain the most optimal value of k, the model’s performance was evaluated using cross-validation, 

whereby each value of k was tested and compared based on the resulting accuracy. The value of k that yielded 

the highest accuracy was then selected as the optimal value and used in the classification of the test data. This 

approach was adopted to minimise the likelihood of overfitting and underfitting, ensuring that the resulting K-

NN model exhibits more stable and optimal performance. Table 4.8 below shows the value of k that yielded 

the highest accuracy. 

Table 4. 3 Value of  𝑘 

Training Nilai 𝒌 Akurasi 

80%  7 0,808 

70%  8 0,796 

60%  3 0,800 

 

Table 4.3 above presents the results of the tests carried out; a split of 80% training data and 20% test data 

yielded the highest accuracy value, namely 0.808 with k = 7. With a split of 70% training data and 30% test 

data, an accuracy value of 0.796 was obtained with k = 8. Furthermore, with a split of 60% training data and 

40% test data, the model achieved an accuracy of 0.800 with k = 3. Overall, the test results indicate that using 

a larger proportion of training data tends to yield better classification performance. Based on this, the 

configuration comprising 80% training data and 20% test data, with k = 7, was selected as the optimal 

configuration in this study. This finding confirms that the balance between the amount of training data and the 

selection of the optimal value of k plays a crucial role in determining the performance of the K-NN algorithm. 

 

4.3.3. Calculating distances 

The classification process in the K-NN algorithm is carried out by calculating the distances between 

the test data and all the training data. The purpose of these distance calculations is to determine the 

degree of proximity between data points based on their feature values. The training data with the 

smallest distance value relative to the test data is then considered the nearest neighbour and used as 

the basis for determining the class. The distance calculation methods applied are the Manhattan 

distance and the Euclidean distance. These methods calculate the distance by summing the absolute 
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differences in the values of each feature between the test data and the training data. Table 4.4 shows 

a comparison of accuracy for the Manhattan and Euclidean distances. 

Table 4. 4 Comparison of Distance Measures 

Distance Value of 𝒌 Accuracy 

Manhattan 7 0,808 

Euclidean 7 0,807 

The table above shows that the Manhattan distance method yields a higher accuracy than the Euclidean 

method for the same value of 𝑘. 

 

 
4.4. Performance Metrics 

The following table shows the model’s performance metrics by class. 

Table 4. 5 Model performance metrics by class 

Class Precision Recall F1-Score 

Cataract 0,85 0,85 0,85 

Diabetic Retinopathy 0,96 0,89 0,92 

Glaucoma 0,72 0,67 0,69 

Normal 0,71 0,81 0,76 

 

Based on the evaluation results, the diabetic retinopathy class demonstrated the best performance with the highest 

precision and F1-score values, This indicates that the texture features applied are capable of effectively representing 

the characteristics of this condition. Conversely, the glaucoma class achieved the lowest recall value, indicating that 

errors still occur in identifying data within this class. This is thought to be due to the similarity in image texture between 

glaucoma and other classes, particularly the normal class. 

Overall, the application of the K-NN model combined with GLCM and LBP texture features produced fairly good 

classification performance, with an accuracy rate exceeding 80%. 

 

 

4.5. Discussion 

The classification model achieved an accuracy of 81%, indicating that the majority of the test data was successfully 

classified correctly. This result demonstrates that the features used were able to represent the characteristics of eye 

images. Similarly, in the study by Prabowo et al. (2021), which utilised the K-NN algorithm and the GLCM feature 

extraction method, an accuracy of 82% was achieved. This reinforces the finding that the application of the K-NN 

algorithm using GLCM feature extraction is effective in improving the accuracy of the classification model. In this 

study, several data splitting schemes were applied, namely 80% training data with 20% test data, 70% training data 

with 30% test data, and 60% training data with 40% test data. The evaluation results showed that the 80% training data 

and 20% test data splitting scheme yielded the highest accuracy compared to the other schemes, This because a larger 

volume of training data enables the K-NN algorithm to obtain more comprehensive information when learning the 

patterns and feature distributions within each class. Conversely, in schemes with a smaller proportion of training data, 

model performance tends to decline due to the limited information available during the learning process.  

 

In this study, feature extraction was carried out using the Grey Level Co-occurrence Matrix (GLCM) and Local 

Binary Pattern (LBP). GLCM features were used to capture global texture information in images based on spatial 

relationships between pixels, such as contrast, correlation, energy and homogeneity. These features play a key role in 
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characterising differences in texture patterns in images of eyes affected by health conditions, Meanwhile, LBP is used 

to extract local texture information by encoding the intensity patterns of pixels surrounding each central pixel. The 

combination of these two methods enables a more comprehensive representation of image texture, at both the local and 

global levels.  

 

At the classification stage, the K-NN algorithm is applied with a parameter value of k = 7, meaning that the class 

assignment of a test data point is based on its seven nearest neighbours in feature space. The choice of k = 7 is based 

on test results showing that this value provides the best performance compared to other values of k, The use of a 

relatively larger value of k reduces the influence of noise and outliers, thereby making classification decisions more 

stable and less reliant on just one or two nearest neighbours. 

  

5. Conclusion 

This study successfully applied the K-NN algorithm to the classification of eye diseases based on eye images, achieving 

an accuracy rate of 81% in classifying images into several disease categories. This demonstrates that this method is 

effective in recognising image patterns, particularly following the pre-processing and feature extraction stages. 

The evaluation results show that the K-NN model with k = 7 achieved an accuracy rate of 81%, indicating that the 

majority of the test data could be classified correctly. The selection of this value for k was based on test results showing 

the most optimal performance compared to other values of  𝑘.   
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