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ABSTRACT

Automated retinal image analysis is emerging agrgrortant screening tool for early detection of elygease.
In this automated analysis some factors need tcobsidered in order to get better analytical resMite present in this
paper methodology to extract exact boundary of @Digital retinal fundus images. The method stasth preprocessing
of digital fundus images by contrast normalizattbroughout the image, and removal of blood vesadieh is major
reason for distraction of finding OD candidate. tRar processing is followed by detecting pixel kechin OD by three
different methods: Maximum difference method, Manim Variance method & Low Pass filter method. Expistel
location within OD among the three positions idmated by Voting type algorithm. Using this poinki as seed point
during segmentation procedure we extract exact demynof optic disc using morphological methodologyyd edge
detection techniques followed by circular Houghnsfarm. The proposed method was evaluated usingMESR data
set containing 100 digital fundus images of retiflsis method succeeded in 94% of cases of MESSIDOR.

KEYWORDS: Bottom Hat Transform (BHT), Diabetic RetinopathyR]) Hough Transform, Location Methods, Optic
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INTRODUCTION

Diabetic retinopathy is a chronic disease. Onehefrhost common cause of blindness is Glaucoma wiitbh
about 79 million is the world population likely tee affected with glaucoma by year 2020. The benéfiat a system to
automatically detect early signs of this diseaseld/provide have been widely studied and assesssitiyely by experts
[4], [5]. Thus OD plays an important role in deyeillg automated diagnosis expert systems for glucasats
segmentation is a key preprocessing component my raggorithms designed to identify other fundustdeas such as
fovea, vascular tree. OD segmentation is also aglefor automated diagnosis of other ophthalmit@agies [10], [11].
OD segmentation and analysis can be used to detédence of ophthalmic disease such as diabetinopthy.
Slightly elliptical most bright region in an eyenfilus image is OD. Its size may vary significandgaarchers have given
various estimations. Sinthanayothinet. al [6] stdtet it occupies about one-seventh of the entiemye, other researchers

have pointed out that OD size varies from one pets@nother occupying one- tenth to one-fifthheff image.

OD segmentation job made harder mainly due to blagssel occlusion, ill defined boundaries, imageat@ns
near the disk boundaries due to pathological cheagd variable imaging conditions. Specificallycartence of similar
regions near disk boundary, irregular shape anchdemy are the most essential aspects to be addrégse OD
segmentation method. For better results we remtnadbressels using BHT. This paper presents BHpraprocessing

followed by template based method for OD segmenatkirstly, image original image is enhanced uddtgr then an
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OD containing sub-image is extracted from enhareege: a surrounding region wide enough to inclirdewhole OD is
selected. An OD location methodology is also pregokere. Then the OD boundary is extracted frorerghannel of
this sub image by means of morphological and edefection techniques. OD boundaries are approximatech
circumference using the Circular Hough Transforrhe Tesults of this study are used to verify suiitybof circular

approximation for OD boundary segmentation in vawdigital fundus images of Indian population.
METHODOLOGY

The aim of this work is to validate methodology fOD segmentation that obtains a circular boundary

approximation on local data base specific to Ingiapulation.
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Flow Chart of Implemented Algorithm
Pre-Processing (BHT)

Original image enhancement is done by applyingonothat transform [26] to it. The figure 1 (b) sificantly
shows major blood vessels on the nasal side ant geszel in temporal side present a good amour@@Bfocclusion.

We restore the disk region by significantly redgcihe distraction caused by vessels as follows.

(@) (b) (©) (d)

Figure 1: Result of Preprocessing (a) Input Imageb) A Sample Cropped CFI
(c) Image Obtained by Morphological Closing (d) BHTResult

The Bottom Hat Transform is applied on red charufebriginal image as blood vessels are red in caking

linear structural element with different widths.tBon hat transform is the residue between a cloaimdj0 defined as

pes(lo) :(063 (lo) - Io (1)

Where gsdenotes morphological closing operation with a dimestructuring elemens of orientation 6.

Morphological closing is nothing but dilation foll@d by erosion. The erosion bby a structuring elemerit at any
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location §, y) is defined as thminimumvalue of the image in the region coincident vittvhen the origin ob is at , V).

Therefore, the erosion at,(y) of an image f by a structuring eleméris given by
[fO b](x,y)=min {f(x+s, y+)} (s,t)E'b (2)

The dilation of | by as tructuring elemdmtt any locationX y) is defined as the maximum value of the image in

the window outlined b}~ when the origin ob~is
[fO bl(x,y)=min { f(x+s, y+§) } (S,t)' b 3)

The figure 1 (c) shows result when we apply morpbiial closing to original image. The figure 1(dhosvs

result after BHT.
Optic Disc Location

The location methodology obtains a pixel called i©ftisc Pixel (ODP) that belongs to the OD. It corses
three independent methods. Each method obtairenits OD candidate pixel. The final ODP is selectgdtdking into
account the three previous candidate pixels anid lbeations with respect to their average poirgnfcoid). For this, a

voting procedure comprising the following caseapplied:
» |If the three OD Candidate Pixels are Close to the €htroid: The selected ODP is the centroid.

e If Only Two Candidates are Close to the CentroidThe selected ODP is the average point in thesedfeored

pixels.
e Otherwise, the selected ODP is the candidate pix&ined with the most reliable method

The three developed methods work on the green eharfinthe RGB color space as this is the one thatiges
the best contrast [25]. This gray scale image mélldenoted as I. These methods are illustrateidjumef 4 and description

of these methods is presented as follows:

» Maximum Difference Method: The OD usually appears as a bright region in eyelds images. Moreover, the
vascular tree formed by the “dark” blood vesselg®yas in the disc. This is why the maximum variatd the
gray level usually occurs within the OD pixel. Buhen we apply BHT preprocessing this tree disappeaad
results in performance degradation. Without apgyBHT, if we apply this method on 100 ‘Messidor’dages,
this method gives proper result for around 92 insad¥hile this figure goes down, if apply BHT to girial

image, to 16.

A median filter of 21 x 21 is applied to | in orderremove non significant peaks in the imagey lfi¢notes this

filtered image, the OD pixel from this method icidied according to the following equation

ODP=max((k)w™™ (i) ((w)w"™ (i) “)

Where ()W (i,)) and (M)w™™ (i,j) are respectively, the maximum and minimumueabf the pixels within a
window of size 21 x21 centered on a pixel. Maximuariance Method: This method is based on the sameepties as
the previous one. So applying BHT to original imdgéore applying this method causes performanegadion. Effect on
performance is not major as this method uses titalivariance not directly pixel value. Withouting preprocessing, if

we apply this method on 100 ‘Messidor’ images, gipeoper results for 90 images while this figureggdown to 74 if we

www.iaset.us anti@iaset.us



80 Vyankatesh D. Gutte, Yogita M. Vaidya & Vivek Nagre

apply preprocessing. It calculates the statistiealance for every pixel by using 21 x 21 centenéadows. On the other
hand a set of “bright” pixels is obtained by auttimeblue-channel thresholding by using canny edg¢ection.
The window size is selected to compute the variamceto establish the neighborhood criteria.

°(x.¥)" T >z [£(x.¥)-m ]
Y xo0y-0
 Low Pass Filter Method: The OD pixel of this method is the maximum grayelepixel in a low pass filtered
image. Major distraction for finding this pixel,dadd vessels, is removed by BHT. Although the ODsisally the
brightest area in a retinography, the pixel with tighest gray level could not be located withilmimany cases,
this pixel may be inside other small bright regiofrs order to smooth out these distracters, thegenhis

transformed to the frequency domain and filteredheyGaussian low-pass filter defined as follows

—Dz(u,v))
2Do?

H(u,v) = exp (

Where D (u, v) is the Euclidean distance betweenpthint (u, v) and the origin of the frequency plaand 3 ;s
the cut-off frequency with a value of 25 Hz. Theghwest gray-level pixel in the filtered image reednto the spatial
domain is the result of this method. In major casee to preprocessing, the OD pixel found by thethod is center of
OD. So this method can solely be used for furtlegngentation process means we can skip above medtiaro methods
and voting type algorithm also. Preprocessing shoagr effect in this method. Without applying BHTwe apply this
method on 100 ‘Messidor’ images, this method gwexper result for around 90 images but in mosttmes the OD pixel
is not near to center. While this figure goes @ipiply BHT to original image, to 98 also resulini®re accurate as OD
pixel is closer to center. The result of the fi@dDP selection process is illustrated by the exampfeapplication of the
methodology. In the first example (Figure 5, imajepixel located by maximum difference is showgufe 5f displays
pixel located by maximum variance method, wherégaaé 5h highlights pixel located by low pass filteethod for the

input image shown in figure 5a. the three OD caaigigpixels are close to centroid, so the locatibthe ODP is nearto
their centroid.

(d)

(e)

Figure 2: Result of Pixel Location Methodologies.d) Input Image (b) Image Highlighting OD Pixel Locaed by
Maximum Difference Method (c) Image Highlighting OD Pixel by Maximum Variance Method
(d) Image of Low Pass Filter Method (e) Final OD Section by Voting Type Algorithm
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Above figure (figure 2) shows result of pixel loicat methodologies for original image. These resolta be
improved by pre-processing original image. Thesepocessing methods enhances various image piexpertch as
contrast, hue, brightness and also removes blosdeie etc. here we implemented BHT for pre-prongsan original
image. Figure 3 illustrates comparison of ODP lmeabf pre-processed image with the ODP locatiorthef original

image.

(a) (b)
Figure 3: Comparison of ODP Location Selection by @ting Type Algorithm
(a) ODP Selection for Original Image (b) ODP Seleiin for Pre-Processed Image

Figure 3(a) shows ODP selection for original imagd figure 3b shows ODP selection with BHT as

preprocessing.
Optic Disc Boundary Segmentation

The method proposed in this paper is performed GB Rub-image of the original retinography. Thisrgases
the robustness and efficiency in OD segmentatiah aso reduces the search space and decreasesrminaréfacts.
We can apply proposed method on an RGB sub-imadfeeodriginal retinography which reduces the searefa and no.
of distracters present in the image. So, as a dtegp, a 150X150 RGB sub-image is extracted ceshtenean OD pixel
provided by the OD location methodology previoughgsented. Then a binary mask of the OD boundangdidates is
obtained by applying edge detection techniquesallinthe Circular Hough Transform is used to cidtai the circular

approximation of the OD.
Obtaining OD Boundary Candidate

The OD boundary represents the frontier betweenObeand the background. It is characterized by dden
variation in gray levels, with these values highéthin the OD than in its surroundings. So, the ®@undary can be
detected by measuring the gradient magnitude of-lgngel changes in small neighborhoods of the im&gmestly, a mean
filter is applied to eliminate pixel values unremneatstive of their environment. Then, the Prewityedetector is used to
obtain a gradient magnitude image (hereaftg).IThis operator estimates image edge and orientdly convolving two
3x3 kernels which approximate derivatives for hontal and vertical changes. The gradient magnitodege is finally
obtained by taking the module of partial derivativalues for every pixel. Thusgy is an image which contains
information on edges, specifically on the locatiowl éntensity of local gray-level variations. As thlwod vessels were
previously erased, in general the most significaigies in the gradient image correspond to the ODnhdiany. Thus, a

binary mask of OD boundary candidates can be pextiby thresholding the imagegyl

The Otsu thresholding method automatically dec@dhreshold for a gray-level image by assuming that
composed of two sets, the background and the fouegr. Then, the method establishes the optimunshibtd TOTSU by
maximizing the between-class variance. Using thisshold, a first binary mask of OD boundary caathd is given by a

simple linearization operation
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Is(i,)={ 0, if I em(i,))<T orsu (5)
{1, iflem(i.))>Torsu

The noise in image 5 is removed by morphologic&rafions and binary mask of OD boundary is obtained
lem(i.j)=(1s)c"" (1.]) ) (6

Where, C is circular structuring element with diaenef pixels.

Figure 4: lllustration of the Circular OD Boundary Approximation
Final OD Boundary Segmentation

The circular shapes present in the imaggdan be obtained by performing the Circular Hougan&form on this

image. It can be defined as

(PC,I’)= CHT(bMyrminvrmax) (7)

Where, Pc =(ic, jc) and r are respectively the @epbsition and the radius that define the circatape with the
highest punctuation in the Circular Hough Transfamnmplemented by CHT. The radius r is restrictecdbéobetween i,
and f., Values which are one-tenth and one-fifth of thredge divided by two (as these measurements ref@Do

diameter estimation).

TESTING AND RESULTS

We tested these methods on the publicly availalsSBIDOR data base and NIOP data base which wenebtai
from Local hospital, National Institute of Ophthallogy, Pune. The NIOP images are 400 x600 pixelsiza and 8-bit
per color plane and are provided in JPEG format.Haie tested the algorithms on 100 images from MBESR database
and 50 images from NIOP data bate make evaluation of the algorithm performancetis data base possible, the OD

rim was manually delimited by experts this way &gdandard is set.

Performance of algorithm was evaluated by measutiegoverlapping degree between true OD regiorgoid'
standard” images and approximated regions obtainttdthe described approach. Overlapping betweerhtind-labeled
OD region and one segmented by Circular Hough #lgoris higher than or equal to 0.80% for 95% af timages in the

data base

@) (b) (©) (d)
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(h)

Figure 5: Results of the Algorithm - (a) Eye Image(b) Preprocessed Image (c) Image with Applicationfd\/ledian
Filter (d) Image with Maximum Difference Method (e) OD Pixel Located with Maximum Difference Method
(f) Image with Max Variance Method (g) OD Pixel Loated with Max Variance Method (h) FFT of Image
(i) OD Pixel Located with Low Pass Filter Method () OD Pixel Located with Voting Algorithm (k) Sub Image
Extracted from Retinal Image Containing OD (I) OD Image of Segmented Using Circular Hough Transform
In addition to the above results, we get betteultedrom pre-processed images as compared tonatighage.
This result can be illustrated using figure 6.His tfigure, (a) shows the ODP selection for origingge using voting type
algorithm whereas (b) represents ODP selectioBFT processed images. It is seen that there isrdifice between ODP
locations of both image. The ODP location in oré&diimage is near to the centroid (figure 6a) buemwthis original image
is pre-processed and ODP location is determinegremprocessed image. It is seen that ODP locai@hanges to new

location which is close to centroid as comparegrevious location. So it will give better results eompared to the

original image.

a(2) b(2)

a(3) b(3)

Figure 6: Comparison of ODP Location Selection by Wting Type Algorithm (a) ODP Selection for
Original Image (b) ODP Selection for Pre-Processelinage (BHT)
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Table 1: lllustrates the Average Execution Timing jgr Sample Image and no. of Images with
Expected Results off Total 100 Images from MESSIDO®atabase

. No. of Images with | Execution Timing/Image
SN Algamti Expected%zesults (Avg) in Sgcs °
1 Pre-processing (BHT) 100 1.0596605
2 MDM 16 12.378558
3 MVM 74 0.613595
4 LPF 98 0.686599
5 VTA 96 1.143222
6 ROI 96 0.042135
7 Optic Disk Segmentation 89 0.482463

CONCLUSIONS

The Bottom Hat Transform as preprocessing giveebetsults in low pass filter method (98%) as cared to
results without preprocessing (84%). In this wak TBmethods gives better ODP location as comparediginal image.

The maximum difference method works well with nathwlogical images or pathological images with $iauada
of exudates except noisy images. The maximum vegianethod works for images same as maximum difterenethod
but variance method can locate the OD pixel mooeiately than maximum difference method since vagais stronger
function than difference. The low pass filter mattwan falsely locate the OD pixel if the bright sfgocreated by camera
flash. The voting type algorithm locates the ODebiven if one of the methods fails to locate OKepiThe segmentation
method used circular approximation to segment Olnbary, which gives better results than the etigdtapproximation
in most of the cases (Poor OD border contrast). diteellar OD approximation is succeeded in 80%hef images in the

database.

This work is further extended through C implemedotatto optimize its mathematical computations and

processing time.

This work can in future be extended in the impletagon of a complete automatic diabetic retinopathy

diagnostic system, and the OD detection will besiaed point in the diabetic retinopathy analysis.
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