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Abstract: 

Glaucoma is a group of eye diseases that have common trait such as, high eye pressure, damage to the Optic Nerve Head and gradual 

vision loss. It affects peripheral vision and eventually leads to blindness if left untreated. There is no cure for Glaucoma but its early 

diagnosis and treatment can prevent the vision loss location In particu lar. The OD detection is extremely useful in diagnosing a 

pathological condition called glaucoma, which is the leading cause of blindness next to cataract. Unlike RGB color space, whe re R, G 

and B components are correlated, in the new ICA color space three components to be statistically independent and uncorrelated.  Prior 

to the Optic Disc segmentation the blood vessels are ext racted and removed by local entropy thresholding and in painting met hods. 

The shape, color and size of optic disc help in localizat ion and detection. Morphology is also used where the OD center is th e center 

of the brightest connected object found by thresholding an intensity image e.g., Fleming et al. Deploy a Generalized  Hough transform 

to detect the circular shape of the OD The segmented ODs from the GVF-based ACM coincide to a greater degree with those of the 

domain experts in 94% of the cases as predicted by the least overall Hausdorff distance value (33.49 ± 18.21). A  dataset comprising 

169 diverse retinal images was tested, and the segmentation results were assessed by a standard derived from the annotations of five 

domain experts. 

 

Keywords: Active contour models, Circular Hough transform, Glaucoma, Grad ient vector flow, Optic d isc segmentation. 

 

I.INTRODUCTON 

 

Glaucoma is one of the most common and leading cause of 

blindness among retinal diseases with 13% of the cases being 

affected. The changes occur in retinal a structure, which 

gradually lead to peripheral vision loss and eventually causes 

blindness if untreated. There is no cure for Glaucoma but its 

early diagnosis and treatment can prevent the vision loss. Since 

the manual based diagnostic process is costly and error, 

therefore some efforts have been made on automatic detection 

of Glaucoma at an early stage. In this paper we have conducted 

a nearly review on criticism methods for automatic 

identification of anatomical features related to Glaucoma from 

retinal images, which provides insights for future directions on 

automatic detection of Glaucoma and other eye diseases from 

retinal images. Detection of retinal anatomical features is 

crucial to clin ically assess the health of the retina. To facilitate 

this task, automated diagnostic systems analyze the merits and 

faults rely on an accurate optic disc (OD) detection procedure, 

in the sense that other anatomical features such as retinal blood 

vessels, macula, optic cup, and lesions can in turn be detected 

with reference to the OD location In particular. The OD 

detection is extremely useful in diagnosing a retinopathy 

condition called glaucoma, which is the leading cause of 

blindness next to cataract According to S.kingmen, The 

determination of the Optic Disc (OD) boundary is a 

fundamental step in the analysis of digital Diabetic Retinopathy 

(DR) systems. The novel method for automatically locate the 

Optic Disc (OD) is suggested in this paper. The proposed 

algorithm is mainly based on the K means clustering and 

Independent Component Analysis (ICA). Unlike RGB color 

space, where R, G and B components are analogize, in the new 

ICA color space three components are statistically independent 

and uncorrelated. Prior to the Optic Disc segmentation the blood 

vessels are draw out and removed by local entropy thresholding 

and in painting methods. The proposed method has been tested on 

a public datasets STARE and DRIVE with accuracy of 94.3% 

and 100%.Under the framework of computer-aided diagnosis, 

this paper presents an accurate and efficient optic disc (OD) 

detection and segmentation technique. A circular transformation  

is outline to capture both the circular shape of the OD and the 

image imbalance across the OD. The pixels with the maximum 

imbalance along all rad ial line segments are determined, which  

can be further utilize to locate both the OD center and the OD 

boundary accurately. Experiments show that OD detection 

precision of 99.75%, 97.5%, and 98.77% are obtained for the 

STARE, ARIA dataset, and the MESSIDOR dataset, 

respectively, and the OD center error lies around six p ixels for the 

STARE dataset and the ARIA dataset which is much minor than 

that of state-of-the-art discipline ranging 14-29 p ixels. In  

addition, the OD segmentation accuracies of 93.4% and 91.7% 

are obtained for STARE dataset and ARIA dataset, respectively, 

that consists of many gravely degraded images of pathological 

retinas that state-of-the-art methods cannot segment properly. 

Furthermore, the algorithm. Visualized using adequate apparatus 

such as fundus camera. Fundus photography is the proposed 

medium for large scale screening. Patients with diabetes are more 

likely to develop eye issue such as cataracts and glaucoma, but 

the disease’s affect on the retina is  the main threat to vision. OD 

detection is a key preprocessing component in many algorithms 

designed for the automatic removal of retinal anatomical 

structures and lesions thus, authentic and efficient OD 
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localization is significant tasks in ophthalmic image processing. 

Healthy retinal image contain main retinal features i.e. optic 

nerve, blood vessels and macula. The frame, color and size of 

optic disc help in localization and detection. In the literature, 

OD detection can be classified into several groups. The first 

group uses stuff of the OD such as high pixel v igour and its 

oval shape. Morphology is also used where the OD center is the 

center of the brightest couple object found by thresholding an 

intensity image. Other authors have propose shape-based 

perspective e.g., Fleming et al. deploy a Generalized Hough 

transform to detect the circular shape of the OD; Glaucoma is a 

disease of the optic nerve prompt by the increase in the 

intraocular pressure of the eye. Glaucoma mainly affects the 

optic disc by increasing the cup size. It can show to the 

blindness if it is not detected and cured in proper time. The 

detection of glaucoma through Optical Coherence Tomography 

(OCT) and Heidelberg Retinal Tomography (HRT) is very 

exorbitant. This paper presents a novel method for glaucoma 

perception using digital fundus images. Digital image 

processing techniques, such as preliminary processing, 

morphological operations and thresholding, are widely used for 

the automatic perception of optic disc, blood vessels and 

computation of the features. We have extracted features such as 

cup to disc (c/d) correlation, ratio of the space between optic 

disc center and optic nerve head to diameter of the optic disc, 

and the relation of blood vessels area in inferior-superior side 

to area of blood vessel in the nasal-temporal side. The results 

presented in this paper indicate that the criticis ms are clin ically 

significant in the detection of glaucoma. Our system is able to 

prioritize the glaucoma automatically with a sensitivity and 

specificity of 100% and 80% respectively. 

 

II.MATERIALSAND METHODS  

 

A.TES T DATABAS E 

The open retinal image database for optic nerve assessment 

(RIM-ONE) is an online dataset of 169 retinal fundus images 

annotated by five experts in ophthalmology. The images are 

stored in the red-green-blue (RGB) color bitmap (i.e.,BMP) 

fluctuate with intensities ranging from 0 to 255 in each channel. 

Glaucoma refers to a group of conditions with heterogeneous 

causes that result in damage to the optic nerve head and loss of 

visual field. There are typical optic nerve changes on slit-lamp 

examination. It is frequently - but not invariab ly - associated 

with raised intraocular pressure (IOP). Glaucoma is usually 

associated with an increase in IOP above the normal value, 

which is usually estimated at 21 mm Hg (mean 15.5, range 10-

21). Surveys show that 20-52% of patients with glaucoma have 

IOP within the normal range. Pat ients with statistically normal 

IOP who develop the characteristic changes associated with 

open angle glaucoma are said to have low tension or normal 

pressure glaucoma. 

 

B. OVERVIEW OF THE PROPOS ED 

PPROACH. 

A schematic illustration of the proposed methodology to 

enhance the segmentation accuracy of the OD is presented. The 

retinal images under investigation are preprocessed using the 

adaptive histogram equalizat ion in the red channel, which 

facilitates an exact OD identification due to the image contrast 

improvement. Subsequently, the morphological processing is 

performed using a line operator to detach any blood vess el 

present in the image   Following the preprocessing, the CHT is 

applied to estimate the contour that roughly encloses the circular-

shaped OD. Based on the empirical study involving ten well -

known ACM algorithms. Using three types of ACM techniques. 

Patrick, Lank ton, Xu_ACM techniques. Comparing these types 

of ACM techniques, XU ACM result is better. Note that the GVF 

model is acclaimed to be a fast and hybrid level set method, 

which fine-tunes the contour initialized with the CHT until it  

accurately fits the boundary of the OD. 

 

III.PREPROCESSING 

 

Preprocessing Retinal images usually contain noise due to 

intervention of various phenomena. Non uniform illumination is 

one such problem because of the complexity of the image 

acquisition system. The optic disk segmentation is preceded by 

converting a color retinal fundus image into a grayscale image, 

enhancing the image, and removing its blood vessels and the 

objects which are unilluminated than its background and the optic 

disk. The segmentation process is divided in two stages. The first 

stage is a coarse segmentation of optic nerve head. In this stage, 

the location of the circle optic nerve head is recognize using 

Hough transform. 

 

 
Figure.1.schematic diagram of the proposed OD segmentation 

method 

 

The next  stage is to bearing the process of active contour model 

to obtain the form of optic nerve head that comes closer to its 

veritable form. The diagram for preprocessing and segmentation 

process exactly, noise affects the process of measuring 

parameters in retinal images. Hence preprocessing is an 

mandatory step in order to remove noise and artifacts present in 

these images. The adaptive histogram equalization is applied to 

recoup for the illumination artifacts. As the name implicit, the 

adaptive technique generates several histograms, each one 

corresponding to an image neighborhood for computing a 

amendment function, to modify the brightness levels of pixels 

belonging to that neighborhood. As a consequence, the disparity 

of an image is locally improved and the details are enhanced. 

Blood vessels emerge from the OD, and appear as deep red or 

orange red filaments of progressively dimin ishing width. As they 

restrain with the detection of the OD, blood vessels are to be 

ejection beforehand. A common practice is to carry out a 

morphological preprocessing advance to locating the OD, since 
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this step filters out the blood vessels and exudates present in the 

retinal image. In principle, the opening operation tends to flush 

an image contour, whereas the closing is meant to merge 

narrow breaks and to generate vessel mask. The earliest stage 

in this implementation is image preprocessing. This procedure 

is done to recompense the effects of non-uniform illumination 

on an image. The image used is a color retinal fundus image of 

DRIVE database that has been cropped to size 185 x 172 

pixels. Homomorphic filtering method is used to defeat the 

effects of uneven illumination while keep ing the intensity 

discrepancies among all the components in the image. Fig. 3 

depicts preliminary processing of the red and green channels 

from the RGB fundus image. Since the blood vessels are more 

acclaimed in the green channel, the red one is used for further 

processing. 

 

IV.OD LOCALIZATION 

 

The direct estimation of the absolute maximum of entropy is 

sufficient for estimating the OD location in most retinal 

images. However, when the vessels around the disc are not well 

segmented, mainly due to poor image standard or pathological 

conditions, the entropy map contains several local maxima and 

the simple detection of the largest value may not be able to 

identify the correct OD location. In order to regulate the areas 

in which the local maximum of entropy is searched for, bright 

intensity, which is another characteristic feature of a normal 

OD, is taken into account. As the OD is usually a yellowish 

beaming region in a normal image of the retina, and does not 

contain important contents in the blue channel, we derive an 

image from the red (R) and green (G) components from the 

original RGB image. In retinal image analysis, accurately 

locating the OD in the presence of exudates is crucial due to the 

following reason. The exudates as well as the OD appear as 

clutch of high intensity pixels, which would pose challenges to 

an intensity-based OD segmentation scheme. We rely on the 

CHT to distinguish between the exudates and OD, since the 

CHT is well-suited for delimate the circular- or elliptic-shaped 

OD reg ion. The CHT is applied on the binary image resulting 

from the morphological processing. The preprocessed gray-

scale images are converted to binary images with the help of 

gray-scale thresholds, which are selected in an unsupervised 

manner. This threshold selection scheme utilizes only the 

zeroth- and the first-order progressive moments of the gray-

scale histogram, and thus remains simple. The black pixels of 

the binary image constitute the approximate boundary of the 

OD, whereas the white ones constitute the background. The 

transform maps a point (x, y) corresponding to a black pixel in 

the binary image to a truncated conical surface whose upper 

and lower radii (rmax and rmin, respectively) are deter-mined 

by the preliminary knowledge of the OD radius’ range (refer to  

Fig. 13(a)). In other words, a point in the image space is 

mapped to a truncated conical surface in the parameter space. 

Fig.13(a) illustrates the generation of three truncated cones 

corresponding to three points on the perimeter of the binary 

image. As the CHT traverses along all the black pixels in the 

binary image, a three-dimensional gathering matrix will store 

the number of intersections of the truncated conical surfaces. 

The location of a cell in the accumulation matrix denotes a 

“potential” center and the radius of the OD, and the value 

stored in the cell implies how probable it is to be the “true” 

center and radius. Evidently, the triplet (ˆa,ˆb,ˆr)associated with 

the accumulation cell that stores the largest value returns the 

actual center (ˆa,ˆb) and the radiusˆr of the OD region. For 

occurrence, the application of CHT on the preprocessed binary 

image from the red channel gives rise to the Hough circle as  

displayed in Fig. 9. Subsequently, the ACM method is initialized  

with a contour extract from the Hough circle. In our experiments, 

an estimate of the OD radius rguess is considered to be either 150 

or 260 pixel units depending on whether the retinal image 

aspiration is less or more than 512 × 512. The rmin and rmax 

values are selected as 80% and 120% of rguess, respectively. 

Thus a reliable and accurate boundary of the OD is delineated 

with the Hough circle as demonstrated in Fig9, since the OD is 

the only large circular object inside the ROI. Nonetheless, the 

presence of peripapillary atrophy (PPA) at the OD boundary may 

restrict with the OD detection process, leading to its inaccurate 

localization as depicted. 

 

V.OD S EGMENTATION 

 

Following the localization of the OD reg ion, the segmentation 

strategy should accurately demarcate the boundary of the OD to 

help track the progression of eye diseases. Naive segmentation 

algorithms that do not take the edge smoothness and flow 

properties into account may fall short of accurately detecting the 

OD boundary. On the contrary, an ACM otherwise known as the 

snake is a optimistic alternative, as it relies on the incline as well 

as the spatial distribution at a specific point to verify the presence 

of an edge. Aside from this merit, as exp lained in what follows, 

the snake can be transform to capture even concavities on the OD 

boundary. A comprehensive list of advantages in resorting to 

ACMs has already been included in Section. Image segmentation 

is the process of segregate an image into mult iple segments , as to 

change the representation of an image is more meaningful and 

easier to analyze. Circular Hough transform is used to the disc 

boundary. The segmentation evaluate the disc boundary, which is 

a challenging task due to blood vessel occlusions, pathological 

changes around disc, variable imaging conditions, etc. Some 

perspective has been proposed for disc segmentation, which can 

be generally classified as template based methods to improve the 

initialization of the disc for deformable models. Both the template 

and deformable model based methods are based on the boundary 

characteristics. The snake in general is an energy min imizing  

deformable spline that satisfies the Euler equation. In the sequel, 

the Euler equation can be viewed as a force balance equation, 

Fint+ F(p)ext= 0, where the internal force F int discourages the snake 

to stretch and bend, while the external potential force F(p)ext  

pulls the snake toward an image edge. However, the conventional 

snake inherently suffers from the failu re to progress into (image) 

boundary concavities, and possesses only a limited capture range. 

To overcome these drawbacks, Xu and Prince replaced F(p)extin 

the force balance equation with a static external force field v(x, 

y), namely, GVF field, on the premise of the Helmholtz theorem. 

An attractive consequence is that while v min imizes energy 

functional, the snake is endowed with a large capture range and 

the ability to move into boundary con-cavities. In the energy 

functional, if the gradient of an edge map2| ∇ f| is small, the 

smoothing term corresponding to the sum of the squares of the 

partial derivatives of v is predominant. As a result, the energy 

minimizat ion yields a slowly deviate field in homogeneous image 

regions. The performance of these methods very much. In the 

present setting, the snake is in itialized with the approximate OD 

boundary generated by the CHT. Eventually, the minimization of 
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the GVF-based energy functional forces the snake to undergo 

dynamic adaptation to the edges of the OD. The deformation of 

the snake iteratively gain until the energy functional reaches its 

minimum. 

  
Figure. 2. Original image 
 

 
Figure. 3. Crop image  
 

 
Figure. 4.  RGB Channels 
 

 
Figure. 5. ROI crop from original Image 
 

 
Figure. 6. Adaptive histogram equalization 

 
Figure. 7.Morphological process 

 

 
  FIGURE. 8. OTS U Thresholding  

 

 
Figure. 9. Circle Hough 

 

 
Figure .10. Patrick_ACM 

 
Figure. 11. Lankton_ACM  
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Figure. 12. XU_ACM 

 

Depends on the differentiation of boundary from the disc and 

other structures, especially the PPA. It looks similar to the disc 

it screen scent shape makes it form another ellipse This paper 

uses the simple linear iterative clustering algorithm(SLIC) to 

collect nearby pixels into super pixels in retinal fundus 

images.Compared with other super pixel methods , SLIC is fast, 

memory methodical and has excellent boundary adherence. 

SLIC is also simple to use with only one parameter, i.e., the 

number of desired super pixels k. Here we g ive a brief 

introduction of the SLIC algorithm while more details of the 

algorithms can be find in the SLIC paper. Many features such 

as color, appearance, gist, location and texture can be extracted 

from super pixels for classification. Since color is one of the 

main differences between disc and non-disc region, color 

histogram from super pixels is an intuitive choice. Motivated 

by the large contrast variation between images and the use of 

histogram equalization in biotic neural networks, histogram 

equalization is applied to red r, green g, and blue b channels 

from RGB co lor spaces individually to enhance the divergence 

for easier analysis. It is important to include features that reflect 

the difference between the PPA region and the disc region. The 

super pixels from the two regions often appear similar besides 

for the texture: the PPA region contains blob-like structures 

while the disc region is relatively more homogeneous. The 

histogram of each super- pixel does not work well as the 

texture imbalance in the PPA region is often from a larger area 

than the super pixel. To overcome the problem, we adopt a 

bootstrapping strategy. The active shape model employed in 

used to fine tune the disc boundary. In the present setting, the 

snake is initialized with the approximate OD boundary 

generated by the CHT. Subsequently, the minimizat ion of the 

GVF-based energy functional forces the snake to tolerate 

dynamic adaptation to the edges of the OD. The deformation of 

the snake iteratively proceeds until the energy functional 

reaches its min imum as illustrated. Note that we have 

empirically selected the value, and observed impressive 

segmentation accuracy with a faster rate of convergence. 
 

VI.EXPERIMENTAL RES ULTS  
 

We investigated the OD segmentation algorithm (here after 

referred to as Xu-ACM) described in Sections 3–5 with 

169ret inal images from the RIM-ONE database which comprises 

the following fundus image classification: non-glaucomatous, 

early glaucoma, moderate glaucoma, deep glaucoma, and OHT 

condition. Aside from representative images with various degrees 

of glaucoma, the RIM -ONE database includes images under 

different lighting conditions and exposures , non-glaucomatous, 

early glaucoma, moderate glaucoma, deep glaucoma, and OHT 

condition. Aside from representative images with various degrees 

of glaucoma, the RIM-ONE database encompasses images under 

different lighting conditions and exposures. 

 
  Figure.13. (a) cht maps, (b) process ofhough circle 

 

A.COMPETING ACTIVE CONTOUR MODELS  

To assess the merit of our viewpoint, the segmentation results 

from the Xu-ACM (March 1998) have been quantitatively 

compared with an exhaustive list of the following popular or 

recently reported ACM techniques: (i) Patrick-ACM, (ii) 

Lankton-ACM (November 2008) and (iii) Xu-ACM. 
 

(a) Patrick-ACM. 

This scheme is a fast B-spline snake with a reduced number of 

specification to optimize. Moreover, its formulat ion obviates the 

need for internal energ ies. It is reputed to work well with poorly  

defined contours. 
 

(b) Lankton-ACM. 

It considers only local image statistics while enlarge a contour, so 

that the framework befits well with segmenting objects having 

heterogeneous feature profiles. The benefits of localization  

amount to a vigorous and accurate segmentation of “challenging” 

images, where the approaches using global region-based energies 

tend to encounter a failure. 
 

(c) Xu-ACM. 

A refinement of the GVF model has   recently been proposed to 

rectify the sensitivity of the Xu -ACM model to weak edges as 

well as deep and narrow boundary concavities. An external force 

is incorporated into the model to adjust the dispersal process of 

the flow field adaptively in accordance with image 

characteristics. The salient advantage of Wu-ACM as claimed is 

that the active contours can be driven into deep and narrow 

concave regions of objects. 
 

B.EVALUATION CRITERION  

                          

 Where 

 h(P,Q)=maxmin      

                                                                                p       q   

and     denotes the underlying norm on the                                 

points belonging to P and Q 
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Intuitively, if h(P, Q) = d, then each point in P must lie within 

distance d from a point in Q. Therefore, H (P, Q) measures the 

distance between the point in P that is the farthest from any 

point in Q and vice versa, thereby involve a “degree of 

mis match” between the points in P and Q.Since we adopt this 

measure to compare detected OD boundary with the one drawn 

by an expert, the sets P and Q contain the synchronize of the 

boundary pixels, and || · || is considered as the Euclidean norm 

(L2norm).  
 

 

Figure.14. Accurately in the roi from a normal retinal 

ima g e  

 

C.DISCUSS ION 

The mean and the standard deviation (SD) of HD between the 

experts’ boundary and the segmented ODs from the 

investigated methods were calculated for 169 RIM-ONE 

images, and the values are recorded in Among the 

experimented algorithms, the Xu-ACM produced an accurate 

OD   segmentation consistently, as evidenced from the least 

HD value (mean and SD) obtained for every expert’s delineated 

contour.The segmentation results from the Patrick-ACM, andL 

ankton-ACM are slightly inferior yet comparable to that of the 

Xu-ACM. The ability of Patrick-ACM to handle ill-defined 

contours in biomedical images, the local image statistics utilize 

by the Lankton-ACM to benefit from images with 

heterogeneous feature profiles, and the improvement offered in 

the detection of boundaries with gradients that largely differ 

have actually paid off while segmenting the OD from the 

retinal images. Patrick-ACM, in the context of the OD 

segmentation accuracy. Reportedly, the Chan-ACM is capable 

of segmenting difficu lt images. 

 

FIGURE .14.HD VALUES FOR OD CONTOUR    

THROUGH S EGMENTATION METHOD 

The overall accuracy of an ACM -based automated OD 

segmentation is stipulate by the mean (and the SD) of HD 

computed with the boundaries drawn by experts; interestingly, 

the values mentioned in the last column remain in favor of the 

Xu-ACM approach. 

 
Figure.15. JI values for OD contour through segmentation 

method 

 

To validate whether the parallel decrease of segmentation error 

incurred in Xu-ACM with regard to nine other ACM methods is 

statistically significant, we have conducted the Wilcoxon signed- 

rank test by comparing the HD values from a part icipate method 

and Xu-ACM for 169 ret inal images. To understand the impact of 

various stages of glaucoma on the detection accuracy of OD 

contours by the Xu-ACM, the HD (mean and SD) values are 

grouped for the following ret inal image categories: (i) normal; (ii) 

early g laucoma; (iii) moderate glaucoma ;(iv) deep glaucoma;  

and (v) OHT. The HD values computed for the OD contours are 

adequate for the images classified as early and deep glaucoma. 

Nevertheless, owing to the presence of PPA that interferes with 

the segmentation process, the contour detection accuracy is most 

adversely overripe in the moderate glaucoma images. On the 

contrary, the Xu-ACM could manage to segment the OD contours 

in the OHT images with an stunning accuracy, and hence the 

proposed technique is envisaged to have application in an 

automated system for detection of the OHT condition and early 

glaucoma. Among the RIM-ONE database images, the Xu-ACM 

offered formidable OD segmentation results in 94% of the 

cases.A few troublesome retinal images, with which the Xu-ACM 

encountered difficult ies and yielded substandard results, are 

displayed overexposure during photographing and the presence of 

PPA are accounted for the inferior performance of a contour 

detection algorithm. Furthermore, the segmented ODs from the 

Xu-ACM were subjectively determine by two independent 

ophthalmological experts , 4 who graded the segmentation quality 

under four headings: (i) excellent; (ii) good; (iii) average; and (iv) 

poor. It is noteworthy to state that out of 169 retinal images, 135 

and 120 segmented OD images were classified to be either 

excellent or good by ophthalmologist 1 and 2, respectively. 

 

 

 
 

FIGURE.16.OVERALLMEANHD 
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TABLE.1 .COMPARISON OF HDVALUES  

 
 

TABLE .2.COMPARISON OF JIVALUES  

 
 

VII.CONCLUS ION 
 

This article concerns a systematic dispatch comparison of a 

judicious choice of ten widely recommended ACM 

techniques, which are employed to segment the OD from 169 

annotated retinal fundus images of various categories. The 

outcome of the study demonstrate that the GVF-based Xu-

ACM initialized with the contour produced by the CHT 

outclasses the rest of the state-of the art variants of ACM, 

Patrick-ACM, Lankton-ACM and Xu-ACM in segmenting 

the OD contours from a wide collect ion of retinal images. 

Furthermore, it is encouraging to note that the computational 

overhead associated with the Xu-ACM implementation is the 

second least as portrayed. We envisage that the Xu-ACM 

could possibly be applied for measuring the vertical cup-to-

disc ratio on retinal fundus images, thus facilitat ing automatic 

diagnosis of early glaucoma and OHT condition. The future 

direction of research would be to tackle the interference of PPA 

located adjacent to the OD with the segmentation process, 

thereby further improving the exactness of a segmentation 

scheme. 
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