
  

 

Abstract—This paper presents a new method for 

classification of retina into glaucoma and non-glaucoma cases 

based on optical coherence tomography angiogram (OCTA).  

The key idea here is to analyze the retinal microvasculature in 

the optic disc area of an enface OCTA for glaucoma 

classification.  To facilitate this analysis, we propose a way to 

extract a so-called “optic disc microvasculature” region and 

then propose several features that will be extracted from this 

microvasculature region. A machine classifier is then trained 

using the designated features and subsequently used to classify 

the OCTA data.  We show that our proposed approach works 

well on the tested dataset. 

 

I. INTRODUCTION 

Glaucoma is a chronic disease that damages the optic 

nerve of a human’s eye.  A distinct characteristic of 

glaucoma is its associated changes to the retinal nerve fiber 

layer (RNFL) and the optic nerve, and also the progressive 

loss of retinal ganglion cells (RGCs) [7].  Because glaucoma 

results in a loss of visual function that is irreversible, the 

progression of this disease can results in disability and 

blindness if there is no prompt and adequate medical 

treatment.   

Currently, visual field testing has been widely used for 

diagnosis and monitoring of glaucoma disease.  However, in 

many patients, the loss of visual field will only be detectable 

after losing substantial RGCs and this will be deemed too 

late for timely and adequate medical treatment of glaucoma 

disease.  Hence, early detection of structural damage to the 

optic disc and RNFL is very important for an early diagnosis 

of glaucoma.   

In [4], the authors proposed using cup to disc ratio 

(CDR) for glaucoma detection using color fundus images. 

When the CDR is greater than a certain threshold, the eye is 

considered glaucomatous, otherwise, it is considered 

healthy. In order to compute cup to disc ratio, they first 

performed optic disc and optic cup segmentation using 

super-pixel classification. The CDR is then computed as the 

vertical diameter of the optic cup region divided by the 
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vertical diameter of the optic disc region.  The authors 

showed that their approach performs much better than 

existing lab tests using intraocular pressure (IOP) method.  

In [13], the authors proposed a machine learning 

method for glaucoma detection based on super-pixel 

segmentation of 3D Spectral-Domain Optical Coherence 

Tomography (SD-OCT) data.  More specifically, they 

convert each SD-OCT cube data into 2D feature map based 

on the segmentation of the retinal nerve fiber layer (RNFL), 

followed by the division of these into various super-pixels. 

Features are then extracted from the super-pixel map and 

used as inputs to machine classifier (LogitBoost adaptive 

boosting) to automatically detect glaucoma eyes.  

In [2], the authors proposed an automatic texture 

classification method for glaucoma detection using retinal 

optical coherence tomography (OCT). Here, two groups of 

features are extracted, namely retinal layer thickness and 

inner plexiform layers (IPL). They employed principal 

component analysis (PCA) and then followed by Support 

Vector Machine (SVM) to perform classification.  

Glaucoma detection and diagnosis, as can be seen, are 

currently mainly focused on using visual field testing, cup-

to-disc ratio from fundus images, and retina layer thickness 

from OCT.  While visual field testing cannot detect early 

stages of glaucoma (because visual field changes only occur 

late after at least 40% of the optic nerve is damaged), the test 

of cup-to-disc ratio from fundus images suffers from the 

non-robustness of the segmentation, particularly that 

accurate automatic segmentation of the cup is notoriously 

difficult and as a result the diagnosis accuracy is seriously 

impacted.  Meanwhile, retina layer segmentation (to extract 

the retina layer thickness), as with all segmentation 

problems, is inherently a difficult problem to solve 

automatically and existing techniques are prone to 

segmentation errors, particularly around the optic disc 

region.   

On the other hand, in contrast to existing approaches, 

the key idea of our proposed method is based on the analysis 

of the retinal microvasculature in the optic disc area of an 

enface OCTA data.  The idea of performing analysis on the 

retina microvasculature in the optic disc region of the OCTA 

enface image for glaucoma detection stems from some 

preliminary studies performed by the doctors who found 

reduced peripapillary retinal vessel density and perfusion in 

glaucoma patients compared to normal subjects.  To the best 

of our knowledge, there is no other work in the literature that 

performs glaucoma classification based on analysis of optic 
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disc microvasculature in the optic disc region of the enface 

OCTA data.   

OCTA are recent methods that have been developed 

and gaining popularity for 3-D non-invasive chorioretinal 

vascular imaging, and enface OCTA technology enables 

evaluation of the chorioretinal vascular structures in a layer-

by-layer manner, thus allowing the radial peripapillary 

capillary (RPC) network to be visualized separately [10].  

The RPC network is a unique vascular plexus in the retinal 

nerve fibre layer (RNFL).  Enface OCT image was reported 

to offer the benefits and ability to more easily diagnose and 

monitor eye disease [9].   
 

II. PROPOSED METHOD 

Details of our proposed method are described in the 

following sections.   
 

A. Obtaining Optical Coherence Tomography Angiogram 

In our case, the Optical Coherence Tomography 

Angiogram (OCTA) data was obtained using an OptoVue’s 

RTVue Avanti spectral-domain OCT (SD-OCT) device. 

Here, we are applying our proposed method on the enface of 

the OCTA volume.  Alternatively, OCTA could also be 

computed from OCT volume data using an OCTA algorithm 

(e.g. [12]).   
 

B. Optic Disc Segmentation 

Here, we assume that the optic disc boundaries is 

known and obtained beforehand (since we obtained this 

information from the doctors who had performed clinical 

assessment on the retina data of the patients).  It should be 

noted that there are already existing techniques that are able 

to automatically extract optic disc boundaries from the 

OCT/OCTA and their enface images [1, 11].  Our focus here 

is on glaucoma classification (and not automatic optic disc 

segmentation) and hence these existing techniques could be 

adopted here to aid us in automatic optic disc segmentation 

and thus achieving a fully automatic glaucoma classification 

process. Also, note that accurate segmentation of the optic 

disc boundaries is not necessary for our application here 

(unlike glaucoma diagnosis methods relying principally on 

retina layer thickness in which case accurate retina layer 

segmentation from the OCT data is important).  

Given the information on optic disc boundaries, our 

software would create a mask for the optic disc region mod as 

follows:  
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where (x,y) denotes the coordinates of the pixel in the image.  

Here in the optic disc region mask, the optic disc region will 

be labelled as “1”.  An example of the original enface OCTA 

image and the corresponding mask depicting the segmented 

optic disc region (colored in white) are shown in Figure 1(a) 

and (b) respectively.   
 

   

(a)          (b) 

Figure 1. (a) The original enface OCTA image; (b) The optic disc 

mask where the optic disc region is colored in white.  
 

C. Extract Non-Vessel Regions 

The extraction of large vessel regions is relatively easy 

because of their high contrast against the background. The 

non-vessel region is just the complementary regions to the 

large vessel regions.  Here we compute a mask for the non-

vessel regions mnv by performing thresholding of the OCTA 

enface image as follows:  
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where I(x,y) is the value of the OCTA enface image, and t is 

the threshold.  Note that in this non-vessel region mask, the 

non-vessel regions will be labelled as “1”.  Thereafter, an 

image dilation process is applied to remove small holes in 

the initial mask, followed by an image closing process to 

remove isolated pixels.  An example of the mask depicting 

the non-vessels regions (colored in white) is shown in Figure 

2.  It should be noted that not all black regions of this mask 

depicts the presence of vessels, and it is not our intention to 

perform an accurate segmentation of the vessels since this is 

deemed to be unnecessary for our approach here.  
     

 

Figure 2. The mask depicting non-vessels regions (colored in white).  
 

D. Extract optic disc microvasculature region 

Here, we compute a mask for the optic disc non-vessel 

or “optic disc microvasculature” region mrm, which is the 

combination of the optic disc mask and non-vessel region 

mask, obtained as follow:  

 ),(),(),( yxmyxmyxm nvodrm   

In this “optic disc microvasculature” mask, the optic 

disc microvasculature region will be labelled as “1” while all 

the rest of the pixels will be labelled as “0”.  An example of 

the mask depicting the “optic disc microvasculature” region 

(colored in white) is shown in Figure 3.   
 



  

 

Figure 3. The mask depicting the “optic disc microvasculature” region 

(colored in white).  
 

E. Compute Features 

Here, we compute specific features from within the 

“optic disc microvasculature” region of the OCTA enface 

image.  More specifically, we compute the features from the 

regions in the enface OCTA image whose locations are 

marked as “1” in the “optic disc microvasculature” mask 

mrm.  The features computed include:  

 Haralick’s information measures of correlation texture 

features [8]  

 Inverse difference normalized and inverse difference 

moment normalized features [5]  

 global features (including mean, standard deviation, 

skewness, kurtosis, and entropy)  

 local structure features (including local structure mean, 

local structure standard deviation, and local structure 

deviation)  

 thresholded cumulative count of microvasculature 

pixels  

The Haralick’s information measures of correlation 

texture features, IMC1 and IMC2, are computed according to 

[8].  In our proposed work, we have taken the final feature 

values to be the average of all 4 different orientations (0, 

45, 90, and 135).  The inverse difference normalized 

(IDN) and inverse difference moment normalized (IDMN) 

features are computed according to [5].   

The global features mean µ, standard deviation , 

skewness s, kurtosis k, and entropy e are computed from the 

image pixels corresponding to positive value in the “optic 

disc microvasculature” mask (with width W and height H) 

and are given by:  
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where T is the total number of positive-valued pixels in the 

mask m, and p(i) is the normalized histogram counts of gray 

value i in the image corresponding to positive value in the 

mask for the “optic disc microvasculature” region.   

The local structure features that we proposed are local 

structure mean µl, local structure standard deviation l, and 

local structure deviation dl, and are computed as the average 

of all pixel positions (x,y) in the image corresponding to 

positive value in the “optic disc microvasculature” mask:  



 

 

 

 

 
 


2/

2/

2/

2/

),(
1

),(
N

Nn

M

Mml

l nymxI
T

yx
 



 
 

 

 

 

 

 
 





2/

2/

2/

2/

2
),(),(

1

1
),(

N

Nn

M

Mm

l

l

l yxnymxI
T

yx 
 



 

 

 

 

 
 


2/

2/

2/

2/

),(),(
1

),(
N

Nn

M

Mml

l yxInymxI
T

yxd
 

All local structure features are calculated from within a local 

window of size (MxN) = 7×7 pixels, and Tl is the total 

number of positive-valued pixels in the local window of 

mask m. The window is displaced pixel-by-pixel over the 

entire image.  

We also propose a thresholded cumulative count of 

microvasculature pixels’ feature TMP whose value is 

computed as follow:  
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and tB is a fixed threshold.  
 

F. Classification 

For classification, we have adopted a Support Vector 

Machine (SVM) with 2-class classification [6] to perform 

the task. A radial basis function (RBF) kernel function has 

been used.  Firstly, a train dataset was used to train the 

SVM.  Then, the trained SVM is used to perform 

classification on the test dataset.  To assess the performance 

of the proposed approach, and considering the relatively 

small dataset we currently have, we have adopted the Leave-

One-Out cross validation scheme [3] with the SVM 

classifier to evaluate the classification accuracy.  
 

III. RESULTS 

The OCTA dataset we used are collected by doctors 

from a local hospital using an OptoVue’s RTVue Avanti 

spectral-domain OCT (SD-OCT) device. Scanning was 

performed 6mm x 6mm centered at the optic nerve head.  

The test dataset consists of 120 non-glaucoma cases and 38 

glaucoma cases.  Using our proposed approach and adopting 

the Leave-One-Out cross validation scheme for SVM, the 

classification results obtained are given in Table 1, which 

shows a specificity of 0.95, sensitivity of 0.87, and an area 

under the curve (AUC) of 0.98.    

The corresponding receiver operating characteristic 

curve is shown in Figure 4.   



  

 

Method Specificity Sensitivity AUC 

Our proposed approach 0.95 0.87 0.98 

Our approach using existing features 

(without using our proposed features) 

0.93 0.76 0.96 

Our approach but using only Haralick’s 

texture features [8] 

0.91 0.24 0.70 

Our approach but using only global 

features 

0.93 0.74 0.90 

Table 1. Classification results.  
 

 

Figure. 4. Receiver Operating Characteristic curve.  
 

To show the effectiveness of our proposed features, we 

also show in Table 1 the classification results when our 

proposed features (namely the 3 local structure features and 

the “thresholded cumulative count of microvasculature 

pixels” feature) has been removed from consideration in our 

proposed framework (while keeping everything else the 

same and re-applying the Leave-One-Out cross validation 

scheme [3] with the SVM classifier).  It can be seen from the 

table that in this case, the sensitivity dropped significantly, 

and with corresponding drop in specificity and AUC values.    

We also show in Table 1 the classification results when 

all the features in our proposed framework have been 

replaced by Haralick’s texture features [8].  In this case, it 

can be seen that the sensitivity dropped even more 

drastically, and with corresponding drop in specificity and 

AUC values.    

Also shown in Table 1 is the classification results when 

only the global features has been retained in our proposed 

framework while all other features have been removed from 

utilization.  Again, it can be seen that the sensitivity dropped 

significantly (from our proposed approach), and with 

corresponding drop in specificity and AUC values.    

From the above results, it can be seen that our proposed 

method for glaucoma classification from enface OCTA 

provides good results.  Also, it can be seen that a balanced 

set of features will provide the best results within our 

proposed framework based on analysis of optic disc 

microvasculature for glaucoma classification from enface 

OCTA, and purely using the Haralick’s texture features [8] 

or only the global features within our proposed framework 

do not provide as good results as the set of features that we 

proposed to use in our framework.   
 

IV. CONCLUSION 

In this paper, we propose a new method for 

classification of retina into glaucoma and non-glaucoma 

cases based on analysis of retinal microvasculature in the 

optic disc area of an enface optical coherence tomography 

angiogram (OCTA) data.  We show how we could extract a 

so-called “optic disc microvasculature” region where our 

proposed features could then be extracted, and how together 

with existing features (computed within our proposed 

framework) they could be used with a Support Vector 

Machine (SVM) classifier to train using these designated 

features and then to classify the OCTA retina enface image 

into glaucoma and non-glaucoma cases.  We then show the 

results tested on a real-life OCTA dataset collected by 

doctors from a local hospital and demonstrated the 

feasibility of our proposed approach. 
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