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Abstract— Glaucoma is a chronic eye disease. In Glaucoma the
optic nerve head is progressively damaged. It is very important
to detect Glaucoma disease in time, because it can be cured and it
leads to permanent vision loss. In this paper, optic cup and optic
disc segmentation is used for assessment of optic nerve head.
Segmentation is based on superpixel classification. It consists of
optic disc and optic cup segmentation based on superpixel
classification. For optic disc and optic cup segmentation adaptive
histogram equalization and Gabor filter are used basically for
classifying each superpixel as disc or non disc Finally Cup to disc
ratio CDR is evaluated and compared with threshold value for
detection of glaucoma.
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I. INTRODUCTION

Glaucoma is a chronic eye disease which leads to
permanent vision loss. Therefore detection of this disease in
time is very important. There are various methods used to
detect Glaucoma such as raised Intraocular Pressure (IOP)
measurement, assessment of abnormal visual field and
damaged optic nerve head assessment. Out of which this paper
proposes optic nerve head assessment. It consists of optic disc
and optic cup segmentation based on superpixel classification.
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Fig. 1 CDR measurement
In optic disc segmentation, adaptive histogram

equalization technique is used to improve the contrast of a
colour image and Gabor filters are used for texture feature
extraction. Combination of these two parameters is very
useful for classification of each superpixel as disc or non disc
superpixel. For superpixel classification, Simple Linear
Iterative Clustering i.e., SLIC algorithm is used, because it is
fast, memory efficient as well as it has excellent boundary

adherence. Same parameters are used in Optic cup
segmentation for classification of superpixel. Finally CDR
ratio is evaluated and compared with threshold value for
detection of Glaucoma.CDR is a cup area(CA) to disc area
(DA) ratio. Figure 1 shows the block diagram for CDR
measurement.

Il. OPTIC DISK SEGMENTATION

A. Adaptive Histogram Equalization

Many features can be extracted from image such as
location, appearance, colour, gist, and texture. But colour is
main difference between disc and non disc region, thus colour
histogram plays an important role of superpixel classification.
Adaptive histogram equalization enhances the contrast of the
grayscale image by converting the respective values which
uses contrast limited adaptive histogram equalization.
Therefore we first extract the three colour components i.e., red,
green and blue, apply adaptive histogram equalization
individually and then concatenate. All of three images give
adaptive histogram equalization of the colour image.

It is used for operation on small regions in the source image
which is known as tiles, instead of using it over the entire
image. For each tile's contrast is enhanced, which is used such
that the histogram of the output region nearly matches.
Histogram is specified with the help of ‘'Distribution’
parameter. Then the neighboring tiles are combined using
bilinear interpolation so that it can eliminate artificially
induced boundaries. The contrast which is used to be in
homogeneous areas can be limited to eliminate amplification
of any noise that may present in the image [2].

In this paper, both normal histogram equalization and
adaptive histogram equalization are taken and compared. Both
are applied on colour images. Adaptive histogram equalization
gives best result with limited contrast for homogeneous areas.
Both results are shown in figure 2.

(b)

Fig. 2 Histogram equalization: (a) Adaptive Histogram Equalization,(b)
Normal histogram equalization of gray scale image.
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B. SLIC: Superpixel Generation

SLIC algorithm is used to aggregate nearby pixels into
superpixels from retinal fundus images. It is simple to use and
understand. SLIC is fast, memory efficient and having
excellent boundary adherence. The algorithm uses the
parameter g, which is the preferred number of nearly equally-
sized superpixels. In SLIC colour image is used in CIELAB
colour space. Figure 3 shows the difference between RGB
colour space and CIELAB colour space.

(@ (b)
Fig. 3 Colour space: (a) CIELAB Colour space, (b) RGB colour space.

The clustering procedure starts with an initialization step
where g initial cluster centers Di = [lj aj bj xj yj] are sampled
on a regular grid, spaced H pixels apart. To produce
approximately equally sized superpixels, g initial cluster
centers Dk are sampled on a regular grid space H = (N/g) »
(1/2). The centers are then moved towards the seed locations
which are comparable to the utmost gradient location in a 3* 3
neighbourhood. This is done so as to avoid centering of a
superpixel on an edge [3].

In SLIC, the key to speed up our algorithm is limiting the
size of the search region which minimizes the number of
distance calculations; also it leads to improve the speed giving
the advantage over conventional g- means clustering where
each pixel has to be compared with all cluster centers. The
approximate size H*H is the expected spatial extent of a
superpixel in a region and 2H*2H is a search region for
similar pixels around the superpixel centers [3]. Thus SLIC
iteratively searches for its best matching pixel from the
2H*2H neighborhood around Dk and then computes the new
cluster centers based on the found pixel. Finally, a post-
processing step enforces connectivity by re-assigning disjoint
pixels to nearby superpixels. Cluster centers in RGB colour
space and CIELIB colour space are shown in figure 4.

Image with cluster certers Isb space with clu
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Fig. 4 Cluster centers: (a) RGB colour space image with cluster centers (b)
CELIB colour space image with cluster centers

C. Feature Extraction Using Gabor filter

For optic disc segmentation, the Peri-papillary atrophy PPA
region is mystified as constituent of disc as it looks similar to
the disc. It is essential to include feature extraction technique
that reflects the deviation between the disc region and PPA
region. Also the two distinct region superpixels appear similar
apart from the texture. Thus, the superpixel does not work
well with each of its histogram.

Fig. 5 Challenge in Optic Disc segmentation: Disc and PPA region

Gabor functions provide the optimal resolution for various
wavelet bases in both the frequency and time (spatial)
domains. While Gabor wavelet transform looks to be the
optimal basis which is used to extract local features for several
reasons.

Moreover the trouble with disc and cup segmentation is
that the bad or irregular visibility of boundary, because of
blood vessels incoming into the disc region [6]. Gabor
wavelets can be used for specific orientations and frequencies
which is useful for difficulties with the blood vessels. Gabor
wavelets act as low level oriented edge discriminator which
also filters out the background noise of the source image. 2-D
Gabor wavelet is the best option because of its directional
selectiveness capability which is used for spotting oriented
features and accurate tuning to specific frequencies [5]. Thus
finally extracted disc for eye ball fundus image is as shown in
figure 6.

(@) (b)

Fig. 6 Extracted disc: (a) Cross section of optic nerve, (b) Extracted optic disc
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I11.OPTIC CUP SEGMENTATION

For optic cup segmentation, thresholding and binarization
can be used. Using this method, the given image will convert
to the threshold or binarized image. From such binarized
image we can easily extract optic cup boundary. Segmentation
is the process in which, each pixel in the source image is
assigned to two or more classes. Two or more classes usually
result in several binary images. In binarization, depending
upon the mean value of the entire pixel, each pixel in an
image is assigned the value as ‘1’or ‘0°. If it is greater than the
mean value then it is '1' else it is '0'.From a grayscale image,
thresholding process is used to create binary images. In this
process, if pixel value is greater than some threshold value
then that particular pixel in an image is marked as "object"
pixels or else it will be considered as "background” pixels [8].
Typically, an object pixel is assigned a value of “1” whereas a
background pixel is assigned a value of “0.” Finally,
depending on a pixel's label, a binary image is formed by
colouring each pixel with white or black colour [4].

EDGE MAP SUBTRACTED MAGE

(b)
Fig. 5 Extracted cup: (a) Edge map subtracted image, (b) Extracted optic cup.

Selection of the threshold value plays an important role in
the thresholding process. There are different methods used to
select a threshold value such as, 1) automatic thresholding, in
which a thresholding algorithm is used to compute a threshold
value automatically, 2) users can manually select a threshold
value. The most promising method would be to choose the
median or mean value. The reason behind that is if the object
pixels are relatively more brighter than the background pixel,
then these object pixel must also be brighter than the average
pixels. Since the cup and disc boundary which is detected
from segmentation method can be affected by large number of
blood vessels, it may not stand for the real shape of the cup
and disc. Therefore the morphological operations are used to
reshape the obtained cup and disc boundary. Finally Cup to
Disc ratio is evaluated by taking the ratio of the area of cup to
area of disc [6].

IV. CDR CALCULATION

After extracting Optic disc and Optic cup, the CDR ratio is
calculated, this is given by ratio of area of optic cup to Optic
disc. When computed CDR is larger than threshold value, it
will be detected as glaucoma, otherwise healthy.

V. DISCUSSION AND CONCLUSION

This paper presented Superpixel sorting based methods for
cup and disc segmentation. It has been proved that Gabor
filter for feature extraction is beneficial for both optic disc and
optic cup segmentation. Adaptive histogram equalization
plays an important role as it gives us best colour contrast
image.

For Superpixel generation, SLIC algorithm gives best
result with improved performance and reduced computations.
For classification of superpixels as disc or non disc region, use
of Gabor filter for feature extraction is very beneficial.
Adaptive histogram equalization with Gabor filter are also
important while classification of superpixel, to extract optic
cup. Finally we compute CDR ratio for detection of Glaucoma.
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