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Abstract 

Glaucoma is a common eye disease that damages an optic nerve due to abnormally high pressure 
inside the eye. Glaucoma can cause visual impairments and eventually lead to blindness. There is no 
appropriate treatment to prevent blindness when the optic nerve is damaged. Therefore, an early diagnosis 
is important to prevent vision loss from glaucoma. An automated framework for glaucoma screening from 
fundus images is advantageous. It can facilitate the ophthalmologist in the diagnosis and prevent 
blindness. Many glaucoma screening algorithms have been developed based on a clinical indicator, the 
cup-to-disc ratio (CDR). However, these algorithms have some limitations for myopia and genetically 
large optic cup eyes. Therefore, this paper proposes a framework for glaucoma screening that can be 
applied even in myopia. The 2 clinical indicators, cup-to-disc ratio (CDR) and neuroretinal rim area rule 
(inferior > superior > nasal > temporal (ISNT)), are applied in the proposed screening algorithm for 
accurate glaucoma assessment. Moreover, the automatic classification of glaucoma or non-glaucoma from 
fundus images is performed by a support vector machine (SVM). Therefore, the experimental results 
show that the proposed screening algorithm can accurately classify glaucoma to normal eyes or myopic 
eyes.    
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Introduction 

Glaucoma is the second leading cause of blindness in the world. According to the first world report 
on vision issued by the World Health Organization in 2019 [1], the number of people with blindness from 
glaucoma is estimated at 11.9 million globally. There are various studies on the factors associated with 
decreasing the risk of developing glaucoma [2-4]. Glaucoma is an eye disease that can cause vision loss 
by damaging the optic nerve head (ONH) in the eye [5]. Glaucoma is associated with a family history of 
the disease [5] or with genes related to high eye pressure [6]. Nonetheless, glaucoma can be found at any 
age [7], but the risk increases in older adults [8,9]. The previous studies have described the impact of 
glaucoma on the overall health-related quality of life (HRQoL) of patients [10,11], especially in some 
specific activities such as mobility, reading, and driving [12-16]. In addition, glaucoma has adverse 
effects on psychological functions such as anxiety, self-image, psychological well-being, and confidence 
in health care [17]. 

Glaucoma has no symptoms at the beginning stage and slowly progresses over many years. 
Therefore, glaucoma is not recognized by many people until the damage is already severe in the ONH 
[18]. Some people are diagnosed with glaucoma during a routine eye test. Hence, early diagnosis is 
beneficial for glaucoma patients to save their eyesight. As a result, the patients can be treated early, and 
vision loss can be prevented. There are several eye tests for glaucoma that can be used by medical doctors 
or clinicians. Artificial Intelligent (AI) has been used in a variety of approaches to detect, analyze, 
evaluate, and prognose glaucoma [19]. However, the objective of this paper is to provide automatic 
glaucoma screening that is less time-consuming, cost-effective, and physician independent. For this 
reason, the optic nerve head is observed in a fundus image to detect glaucoma. The ONH is composed of 
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3 main regions which are the optic cup (OC), optic disc (OD), and neuroretinal rim width. Figure 1 
shows the structure of the optic nerve head (ONH). 

 

Figure 1 Optic nerve head (ONH). 
 
 
 First, the characteristics of glaucoma are observed. In particular, the optic cup may be expanded due 
to glaucoma [20]. Hence, the common characteristics of a glaucomatous eye are a larger optic cup than a 
non-glaucomatous eye. However, some abnormal cases can be found where non-glaucomatous eyes have 
a larger optic cup than glaucomatous eyes. For example, myopia or nearsighted eyes and genetically large 
optic cup eyes have large optic cups. In Figure 2, a non-glaucomatous ONH with myopia has a large 
optic cup, compared with a non-glaucomatous ONH without myopia. 
 
 

 
Figure 2 Non-glaucoma ONH: Normal-eyesight eye (left) and myopic eye (right). 
 
 

Many clinical indicators are employed in automatic glaucoma screening systems. Moreover, special 
equipment such as an optical coherence tomography camera is also applied in these automatic glaucoma 
screening systems to generate 3-dimensional eye structures. Consequently, expert ophthalmologists are 
also required in this kind of system. Overall, these systems demand high expenses for equipment and 
experts to perform the glaucoma screening.   

There are many studies on glaucoma screening algorithms. These algorithms present glaucoma 
screening with highly efficient results with low expenses [21-27] as the following Table 1. 
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Table 1 Literature review of glaucoma screening algorithms from previous research. 

Author Title Objective 
Methods for 

glaucoma screening 
algorithm 

Anusorn et al., 2013 
[21] 

Image processing techniques for 
glaucoma detection using the 

cup-to-disc ratio 

Automatic classification of digital 
fundus images into either normal 

or glaucomatous types to 
facilitate ophthalmologists. 

Cup-to-disc ratio 
(CDR) indicator 

Ho et al., 2011 
[22] 

An automatic fundus image 
analysis system for clinical 

diagnosis of glaucoma 

Glaucoma diagnosis system to 
calculate automatically and 

analyze the cup to disc ratio, 
neuro-retinal rim configuration, 

abnormal retinal nerve fibers, and 
the extraordinary retina blood 

vessels. 

CDR indicator and 
ISNT rims 

Narasimhan et al., 
2012 [24] 

Glaucoma detection from 
fundus image using OpenCV 

A semi-automated method for 
glaucoma detection using CDR 

and ISNT ratio of a fundus 
image. 

CDR parameters and 
ISNT rims 

Yadav et al., 2014 
[23] 

Classification of glaucoma 
based on texture features using 

neural networks 

Analysis and diagnosis of the 
glaucoma from digital fundus 

images by using image 
processing technique. 

Neural network based 
on texture features 

Wang et al., 2014 
[25] 

Automatic 3D change detection 
for glaucoma diagnosis 

An automatic approach for 
glaucoma diagnosis based on 

detecting 3D structure changes in 
the optic disc area between 2-

time sessions.  

3D reconstruction 

Vejjanugraha et al., 
2013 [26] 

 

An automatic glaucoma 
detection method using support 

vector machine 

Automatic screening for 
glaucoma detection. 

CDR indicator and 
support vector 

machine (SVM) 

Vejjanugraha et al., 
2017 [27] 

An automatic screening method 
for primary open-angle 

glaucoma assessment using 
binary and multi-class support 

vector machines 

An automatic screening technique 
to diagnose glaucoma by using 
binary and mult-class support 

vector machines (SVM). 

CDR indicator and 
support vector 

machine (SVM) 

 
 
From the above Table 1, CDR and ISNT rims indicators are often applied in the glaucoma 

screening system. Cup-to-disc ratio (CDR) is defined as the ratio between the diameter of the OC and the 
OD in vertical and horizontal orientations. However, this indicator is not applicable to myopia and 
genetically large optic cup eyes due to their large optic cups [28]. Therefore, 1 clinical indicator is not 
sufficient to detect glaucoma in these special cases [22]. Hence, an additional indicator (ISNT rule) is 
studied to solve these research issues. In general, a normal optic disk has a neural rim in which the 
thickness decreases in the order of inferior (I), superior (S), nasal (N), and temporal (T) rims [22,24]. 
Glaucoma usually affects the superior and inferior optic nerve fibers before the temporal and nasal fibers. 
Thus, the superior and inferior rims are decreased and the order of ISNT is also changed. The ISNT-rule 
indicator investigates the neuroretinal rim width in each section of an eye: Inferior (I), superior (S), nasal 
(N), and temporal (T). Therefore, the ISNT rule can be applied to detect glaucoma for large optic cup 
cases by determining the neural rim distances for the 4 regions. As a result, glaucoma can be diagnosed at 
an early stage. In previous glaucoma screening algorithms, one of the clinical indicators, CDR or ISNT is 
used to examine glaucoma. However, these studies have limitations to classify on myopia or genetically 
large optic cup. In the proposed screening system, 2 clinical indicators CDR and ISNT are combined to 
overcome this problem.  

Although these 2 clinical indicators can detect glaucoma in the proposed algorithm, an automatic 
classification is also presented in this paper. For this purpose, a binary classifier called a support vector 
machine (SVM) is selected. The input features for the SVM are extracted from the CDR and the ISNT 
rule. Since SVM is used to perform as automatic glaucoma screening algorithm, the proposed screening 
algorithm can minimize false negative cases and improving an accuracy of a screening system. Therefore, 
this screening algorithm can identify the glaucoma with either normal size or large size of optic cup. 



Trends Sci. 2022; 19(9): 3971   4 of 13 

 

Moreover, the main contribution of this research is to propose the framework for glaucoma screening by 
combination of 2 clinical indicators, CDR and ISNT rule in which SVM binary classifier is used to 
correctly identify glaucoma in fundus images. As a result, this framework can provide less time 
consuming, cost- effective and physician independent system for glaucoma screening. This paper is 
organized as follows. The materials and methods are described first, and the automatic glaucoma-
screening algorithm is presented. Then, the next section is the results and discussion. The conclusion is in 
the last section.  
 
Materials and methods 

The block diagram of the proposed screening algorithm is depicted in Figure 3. Fundus images are 
used in this algorithm because of their easy accessibility and cost. This type of image can be produced in 
every hospital at a low cost. Many researchers have utilized fundus images as their inputs [21-24,26,27]. 
In our framework, input images are first pre-processed by image processing techniques and then a retina 
analysis step by CDR and ISNT. Finally, SVM is utilized for an automatic classification step. 

 
 

 
Figure 3 Block diagram of proposed glaucoma screening system. 
 
 

Pre-processing step 

Region of interest (ROI) selection is performed in this pre-processing step. As mentioned earlier, 
glaucoma can be detected by observing an ONH which is our ROI. However, the interior of a retina is 
normally present in a fundus image. To reduce the computational cost of the algorithm, an ROI should be 
correctly selected before proceeding further.  

Selecting the ROI can be done by applying the intensity-weighted centroid technique [21]. The 
centroid of the bright area of a fundus image, which is also the centroid of an ONH, is located by this 
technique. Afterward, the image is cropped. Only the ROI and its neighboring areas remain. 

In this study, all fundus images are obtained from Mettapracharak hospital. Their original size is 
2,912×3,166 pixels. After cropping, their new size is 500×500 pixels. These new-size images are called 
ROI images. ROI images are used as initial images for the subsequent step, retina analysis. 

Next, evaluating the glaucoma status of the ROI images is performed as a parallel operation by 
image processing techniques based on the CDR and the rim width based on ISNT rule. These 2 clinical 
indicators have been processed for this analysis step, in parallel. 

 
Cup-to-disc ratio (CDR) 
The cup-to-disc ratio is the ratio between the size of the optic cup (OC) and the optic disc (OD). It 

can be calculated by using Eq. (1). Then, the OC and OD of an ROI image need to be segmented. 
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𝐶𝐷𝑅 = 𝐷𝑖𝑎𝑚𝑒𝑡𝑒𝑟 𝑜𝑓 𝑡ℎ𝑒 𝑜𝑝𝑡𝑖𝑐 𝑐𝑢𝑝
𝐷𝑖𝑎𝑚𝑒𝑡𝑒𝑟 𝑜𝑓 𝑡ℎ𝑒 𝑜𝑝𝑡𝑖𝑐 𝑑𝑖𝑠𝑐

    (1) 
 
Channel selection 
Channel selection is performed in this step. Reading the ROI images in color channels is an 

important step for the OC and OD segmentation. ROI images are RGB images (color images). As a result, 
they can be read in 3 color channels. Thus, the most suitable color channel should be selected. According 
to the experiment, the suitable color channels for OC and OD segmentation are the green (G) channel and 
the red (R) channel, respectively. The output images are called G images and R images according to the 
reading channel.  

 
Noise reduction 
Some noise still exists after reading ROI images in the color channels. In this case, the retinal 

vessels have noises in the segmentation step [29]. Morphological techniques and a median filter are 
applied to all R and G images to reduce the noise [26]. A closing operation is performed to remove 
vessels while the median filter is subsequently executed to smoothen the images.  

 
Segmentation 
In this step, optic cup (OC) and optic disc (OD) are segmented. Therefore, a power-law 

transformation technique is applied for OCs and ODs. The boundaries of the OC and OD are detected by 
Canny edge detection. It is a Gaussian edge detection in which the performance depends on a Gaussian 
value. Therefore, Gaussian filter with standard deviation of 1.4 is applied for this segmentation. 

 
Feature extraction 
K-means clustering is also applied to select potential candidates for the OC and OD boundaries. 

However, the shapes of OC and OD are not exactly circular objects. Therefore, ellipse fitting is performed 
to be a smooth boundary for each OC and OD [21]. Then, diameters of optic cup (DOC) and optic disc 
(DOD) are measured in both directions in which horizontal diameters are denoted as DOC_H and 
DOD_H and vertical diameters are referred as DOC_V and DOD_V. All diameter measurements and the 
CDR calculation are shown in Figure 4. Additionally, CDR for both vertical (CDR_V) and horizontal 
(CDR_H) directions can be calculated based on the Eq. (1) and can be generated as Eqs. (2) - (3);  

 
𝐶𝐷𝑅_𝐻 = 𝐷𝑂𝐶_𝐻

𝐷𝑂𝐷_𝐻
                 (2) 

 
where CDR_H = Horizontal cup-to-disc ratio, 
           DOC_H = Diameter of horizontal optic cup, 
           DOD_H = Diameter of horizontal optic disc. 
 
𝐶𝐷𝑅_𝑉 = 𝐷𝑂𝐶_𝑉

𝐷𝑂𝐷_𝑉
                    (3) 

 
where CDR_V = Vertical cup-to-disc ratio, 
           DOC_V = Diameter of vertical optic cup, 
           DOD_V = Diameter of vertical optic disc. 
 

Eventually, features based on the CDR can be extracted. As a result, the extracted features are the 
diameters of OCs and ODs in a horizontal orientation (DOC_H and DOD_H) and a vertical orientation 
(DOC_V and DOD_V). Calculated CDR values of the horizontal and vertical orientations (CDR_H and 
CDR_V) are also used as the features. Moreover, a combination of all horizontal features (Horizontal 
ALL) and all vertical features (Vertical ALL) give the other 2 features, which can be used as input 
features for the classification step. Horizontal ALL means combination of DOC_H, DOD _H and 
CDR_H. On the other hand, Vertical ALL refers to combination of DOC_V, DOD_V, CDR_V). 
Therefore, a total of 8 input features, based on the CDR indicator, can be extracted in this step. These 
input features are categorized into 2 feature sets: Horizontal model (DOC_H, DOD_H, CDR_H, and 
Horizontal ALL) and Vertical model (DOC_V, DOD_V, CDR_V, and Vertical ALL).   
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Figure 4 Features based on CDR indicator. 
 
 
ISNT rule 
Another indicator that is utilized for the image analysis process is the ISNT rule. In fact, ISNT 

refers to the region of the optic nerve which is separated into 4 regions: Inferior (I), superior (S), nasal 
(N), and temporal (T) rims. Therefore, ISNT rule is defined as the order of the neuroretinal rim width that 
follows the pattern of I > S > N > T.  Firstly, ROI of this indicator is a neuroretinal rim width which can 
be used for glaucoma screening of myopic ONHs and genetically large ONH. Its ROI is not the same as 
the CDR indicator. Therefore, a myopic ONH and a genetically large ONH can be analyzed by this 
indicator without affecting the size of the OC. 

 
OD segmentation 
The ROI images are also input images in this step. The centroid of an OD needs to be located 

because it is important for segmenting the OD into 4 regions: Inferior, superior, nasal, and temporal. This 
step consists of detection of optic disc (OD) and its centroid. Firstly, ROI images is read in red channel, 
and it is called R images. Then, R images are converted into binary images which pixels are ‘1’ and 
background pixels are ‘0’, black. These binary images are called OD binary mages and can be 
investigated the centroid (Cx; Cy) of the optic disc (white area) for segmentation. 

 
ISNT segmentation 
ISNT masks are generated for this ISNT segmentation. Knowing eye anatomy is needed for mask 

production. The ONH can be divided into 4 regions: Bottommost or inferior (I), uppermost or superior 
(S), near-nose, or nasal (N), and temporal (T). Figure 5 shows the isolated regions of an ONH. Utilizing 
the information of the ISNT regions explained in Figure 5(a) with the OD centroid, the mask can be 
generated [30]. The output masks are called the Inferior mask (I), Superior mask (S), Left-most mask (L), 
and Right-most mask (R). L and R masks represent nasal and temporal areas, which are different in the 
left and right eyes, according to Figure 5(b). The side of an eye can be indicated by retinal vessels. More 
vessels normally appear in the nasal region. Vessel tracking is subsequently processed. 
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Figure 5  4 regions of ONH (a) ISNT mask region, and (b) ISNT region of the right eye and left. 
 
  

Vessel tracking 
Next, the vessels of interest in the OD region are extracted. Since all the vessels vary in size, multi-

scale vessel enhancement is the most suitable technique [31,32]. A frangi filter, a multi-scale vessel 
enhancement, is applied. This filter is a Hessian-based vessel enhancement. The eigenvalues (𝜆1, 𝜆2) of a 
Hessian matrix and the principal direction (𝑢�⃑ 1,𝑢�⃑ 2) are calculated from the local second-order structure of 
the image [33]. This information can be utilized to distinguish vessels from the background [34]. 
Although a second-derivative filter has more noise sensitivity comparing with a first-derivative filter, it is 
effective for tracking the center of vessels while the first-derivative filter is suitable for tracking vessel 
boundaries [35]. For the proposed algorithm, the center lines of vessels are more important than the 
boundaries since they can be used for OC segmentation. 

 
Optic cup detection 
Optic cups can be detected by using retinal vessel bending [32]. Before finding vessel bending 

points, retinal vessels from the vessel tracking step are isolated into 4 regions, according to the ISNT 
mask. Then, the number of vessels between the left-most and the right - most regions is compared. Right 
eyes have more vessels in the rightmost region while left eyes are vice versa. The eye-side, nasal, and 
temporal regions can be identified in the present stage. Then, the vessel centerline is located by a distance 
transform technique because its variable size can cause a problem in searching for bending points. After 
vessel centerlines are created, all candidates of the vessel bending points for each ONH region can be 
searched. The candidate points are endpoints and junctions of vessels [32]. Bending angles of all 
candidates are measured afterward. Only vessels that bend into an optic cup are of interest. Thus, the 
candidates with bending angles of more than 170 °C are eliminated [36]. For enduring candidate points, 
their bending angles are compared. The points with the highest bending angles in each region are selected 
to be the OC boundary point for each ONH region. 

 
Feature extraction 
The distances between OC boundaries and OD boundaries are called neuroretinal rim widths. 

Measuring these distances is how features based on ISNT are extracted. Figure 6 represents a 
neuroretinal rim width from the algorithm, where the green line is an OD diameter. Also, optic cup 
boundary points of each region and neuroretinal rim widths are represented by blue stars and black lines, 
respectively. However, it is difficult to see ONH with a clearly seen bending point in the temporal region 
(T). Therefore, only the rim width in the inferior (I), superior (S), and nasal (N) regions are used. This 
feature is called the ISNT rim width (ISNT). Another feature is called the ISNT ratio (ISNT_R), which is 
composed of I/S, I/N, and S/N. These 3 ratios, I/S, I/N, and S/N should be greater than 1 if an analyzed 
ONH is non-glaucomatous. The combination of ISNT and ISNT_R is the third feature from the ISNT 
rule. This last feature is called ISNT ALL. 
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Figure 6 Neuroretinal rim width from the proposed algorithm.  
 
 

Classification 
All extracted features are used as input features for this last step. Four feature models are used in the 

classification:  
Horizontal model: DOC_H, DOD_H, CDR_H, and Horizontal ALL 
Vertical model: DOC_V, DOD_V, CDR_V, and Vertical ALL 
Rim width model: ISNT, ISNT_R, and ISNT ALL 
Combination (proposed) model: Combinations of the best features of each model. 

 A support vector machine (SVM) is the automatic binary classifier which is applied for this 
proposed algorithm. In fact, the main purpose of using SVM is to classify a feature in a high dimensional 
feature space. However, SVM supports different kernel functions which are decision boundaries such as 
linear, polynomial, and radial basis functions. However, SVM with a linear kernel function is used for the 
proposed algorithm. Next, features are selected to use the kernel function by finding the optimal hyper 
plane for separation of the 2 classes: Glaucoma and non-glaucoma. Thus, the input data are isolated into 2 
classes. Assigning a target of glaucomatous cases to be 0 while 1 is for the target of non-glaucomatous 
cases. A 10-fold cross-validation technique is utilized as a generated classifier to examine the data. 
Therefore, dataset can be divided into 90 % for training set and 10 % for test set. All data are processed 
by the classifier, based on the input features. These steps are repeated 10 times. Finally, all data are 
classified. 
 
Results and discussion 

A total of 113 fundus images were obtained from Mettapracharak hospital, Thailand. They are 
categorized based on 2 characteristics: Glaucomatous status and eyesight. By using the glaucomatous 
status, 54 ONHs are glaucomatous, and the rest are non-glaucomatous ONHs. This data set can also be 
classified into 15 myopic ONHs and 98 normal-eyesight ONHs by using eyesight as the basis. 

The data set is processed through the algorithm with different input features. Then, their 
performance for screening glaucoma is evaluated by comparing the results with clinical results. 
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Clinical results 
The clinical results (glaucomatous status) are obtained from Mettapracharak hospital. The CDR is 

the basic indicator for a glaucomatous analysis. An ONH with a CDR value that is greater than 0.65 is 
classified as a glaucomatous ONH. Otherwise, it is a non-glaucomatous ONH.  

 
Evaluation 
The confusion matrix is computed to evaluate the performance of each feature model. Seven 

indicators are defined in the confusion matrix: True positive (TP), true negative (TN), false positive (FP), 
false negative (FN), accuracy (ACC), specificity (SPEC), precision (PREC), and sensitivity (SENS). 

The TP value is the correctness of glaucomatous indication while the correctness of non-
glaucomatous indication is represented by the TN value. In contrast, FP and FN values represent 
incorrectly identified glaucoma and non-glaucoma, and they are important indicators for this algorithm. 
Accuracy, specificity, precision, and sensitivity are the correctness percentage of the overall performance, 
non-glaucomatous indication, and glaucomatous indication. Their calculations are shown in Eqs. (4) - (7); 

 
𝐴𝐶𝐶 =  𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                (4) 

 
𝑆𝑃𝐸𝐶 =  𝑇𝑁

𝑇𝑁+𝐹𝑃
                 (5) 

 
𝑃𝑅𝐸𝐶 =  𝑇𝑃

𝑇𝑃+𝐹𝑃
                 (6) 

 
𝑆𝐸𝑁𝑆 =  𝑇𝑃

𝑇𝑃+𝐹𝑁
                 (7) 

 
Cup-to-disc ratio features 
The Horizontal and Vertical models are based on the CDR indicator. Four input features of each 

model are compared. The comparison results among features in both models are summarized in Tables 2 
and 3. According to Table 2, using only the Horizontal CDR(CDR_H) gives the best performance, 
compared to the other features in the Horizontal model. Likewise, the Vertical CDR(CDR_V) gives the 
best performance among all features in the Vertical model, as shown in Table 3. 

 
 

Table 2 Comparison among 4 features of the horizontal model. 

 Horizontal cup 
(DOC_H) 

Horizontal disc 
(DOD_H) 

Horizontal CDR 
(CDR_H) 

Horizontal ALL 
(DOC_H, DOD_H, CDR_H) 

TP 37 19 41 38 

TN 45 41 46 48 

FP 14 18 13 11 

FN 17 35 13 16 

ACC 72.6 % 53.1 % 77.0 % 76.1 % 

SPEC 76.3 % 69.5 % 78.0 % 81.4 % 

PREC 72.5 % 51.4 % 75.9 % 77.6 % 

SENS 68.5 % 35.2 % 75.9 % 70.4 % 
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Table 3 Comparison among 4 features of the vertical model. 

 Vertical cup 
(DOC_V) 

Vertical Disc 
(DOD_V) 

Vertical CDR 
(CDR_V) 

Vertical ALL 
(DOC_V, DOD_V, CDR_V) 

TP 40 15 46 44 

TN 45 47 47 47 

FP 14 12 12 12 

FN 14 39 8 10 

ACC 75.2 % 54.9 % 82.3 % 80.5 % 

SPEC 76.3 % 79.7 % 79.7 % 79.7 % 

PREC 74.1 % 55.6 % 79.3 % 78.6 % 

SENS 74.1 % 27.8 % 85.2 % 81.5 % 
 
 
ISNT rule features 
The features in the Rim width model are based on the ISNT rule indicator. The same data set is 

tested with all 3 features in the Rim width model: ISNT, ISNT_R, and ISNT ALL. Table 4 shows the 
comparison results of the 3 features. ISNT_R and ISNT ALL give the same performance. However, the 
ISNT_R feature is chosen as the best feature for the Rim width model because it uses less computational 
time during reading in the input features.  

 
 

Table 4 Comparison among 3 features of the rim width model. 

 ISNT Rim width 
(ISNT) 

ISNT Ratio 
(ISNT_R) 

ISNT ALL 
(ISNT, ISNT_R) 

TP 44 48 48 
TN 55 55 55 
FP 4 4 4 
FN 10 6 6 

ACC 87.6 % 91.2 % 91.2 % 
SPEC 93.2 % 93.2 % 93.2 % 
PREC 91.7 % 92.3 % 92.3 % 
SENS 81.5 % 88.9 % 88.9 % 

 
 
Combination (proposed) features 
The combination model is an integration of the best features of the other models. Table 5 shows 

that a combination of CDR_V and ISNT_R gives the highest accuracy while a combination of CDR_V 
and CDR_H with ISNT_R has the least false negatives (1 case). If the accuracy is same in 2 model, the 
less computation time is also considered to choose the best features. Therefore, the best of each model is 
defined by the most accuracy and less computation time Eventually, a combination of CDR_V and 
CDR_H with ISNT_R is selected. Although it has slightly less accuracy, false negatives are more 
important in medical applications. 
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Table 5 Comparison among 4 features of the combination (proposed) model. 

 CDR_V & CDR_H CDR_V & 
ISNT_R 

CDR_H & 
ISNT_R 

CDR_V & CDR_H & 
ISNT_R 

TP 47 51 48 53 
TN 47 55 53 52 
FP 12 4 6 7 
FN 7 3 6 1 

ACC 83.2 % 93.8 % 89.4 % 92.9 % 
SPEC 79.7 % 93.2 % 89.8 % 88.1 % 
PREC 79.7 % 92.7 % 88.9 % 88.3 % 
SENS 87.0 % 94.4 % 88.9 % 98.1 % 

 
 

Conclusions 

 A framework for glaucoma screening has been presented in this study. The objective of this 
research is to develop an automated framework for glaucoma screening with cost-effective equipment and 
resources. Since retina fundus images can be found in every hospital, the proposed screening algorithm 
uses these images due to their easy accessibility and low cost. The second purpose of this paper is the 
screening algorithm that can assess glaucoma even in the presence of myopia (nearsighted eyes) and a 
genetically large optic cup ONH. First, the retinal fundus images are captured with an autofocus fundus 
camera (NIDEK AFC-230) from Mettapracharak Hospital, Nakhon Pathom, Thailand. A total of 113 
fundus images are used in the proposed system. Then, 2 clinical indicators, the cup-to-disc ratio (CDR) 
and the ISNT rule, are applied in the algorithm. 
 Since CDR is the basic indicator for a glaucoma screening algorithm, many studies have applied 
this indicator to check the size of an optic cup. However, the large size of the optic cup in myopia cannot 
be adequately assessed by only this indicator. For this reason, the ISNT rule is applied to detect the ROI 
of a rim width in each part of an ONH. These 2 indicators are effective in the screening of myopia and a 
genetically large optic cup (ONH). The proposed algorithm can determine glaucoma for normal and 
myopic eyesight. The features of glaucoma are extracted by using these 2 indicators and classified by 
using a support vector machine. From this experiment, a combination of CDR_V and CDR_H with 
ISNT_R provides the best performance. As a result, this algorithm performs correctly and has found only 
1 false negative. Moreover, it also achieves high accuracy, specificity, precision, and sensitivity, which 
are 92.9, 88.1, 88.3 and 98.1 %, respectively. 
 This algorithm is written in MATLAB code. Therefore, converting the code into a more general 
computer language is a future works. Besides, adding more basic indicators could improve the 
performance of the algorithm. The presence of splinter hemorrhages and displacements of vessels are 
examples of additional indicators. Moreover, retinal fundus images can also be employed for diabetic 
retinopathy screening. The proposed glaucoma screening algorithm can be combined with a diabetic 
retinopathy screening algorithm to examine eye abnormalities. 
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