Automatic Optic Disk Segmentation
in Presence of Disk Blurring

Samra Irshadl(g), Xiaoxia Yinz, Lucy Qing Li3’4, and Umer Salman’

! The Superior College, University Campus, Lahore, Pakistan
sam.ershad@yahoo.com
2 Centre for Applied Informatics, College of Engineering and Science,

Victoria University, Melbourne, Australia

xiaoxia.yin@vu.edu.au
3 College of Engineering and Science, Victoria University, Melbourne, Australia
4 EEC Bio-tech Co. Ltd., Guangzhou, China
5 Hameed Latif Hospital, Lahore, Pakistan

Abstract. Fundus image analysis has emerged as a very useful tool to analyze
the structure of retina for detection of different eye-related abnormalities. The
detection of these abnormalities requires the segmentation of basic retinal struc-
tures including blood vessels and optic disk. The optic disk segmentation becomes
a challenging task when the optic disk boundary is degraded due to some devia-
tions including optic disk edema and papilledema. This paper focuses on the
segmentation of optic disk in presence of disk blurring. The method proposed
makes use of gradient extracted from line profiles that pass through optic disk
margin. Initially the optic disk is enhanced using morphological operations and
location of optic disk region is detected automatically using vessel density prop-
erty. Finally, line profiles are extracted at different angles and their gradient is
evaluated for the estimation of optic disk boundary. The proposed method has
been applied on 28 images taken from Armed Forces Institute of Ophthalmology.

1 Introduction

Health surveys show approximately 40% of world population above the age of 25 has
hypertension [1]. Systematic hypertension manifests ocular effects in retina, choroid and
optic nerve [2]. The changes and abnormalities that are caused in retina due to hyper-
tension can be detected and diagnosed by non-mydriatic retinal photography [2].
Computerized Automatic Diagnostic (CAD) systems are being developed for the
past decade to detect different ocular diseases. These CAD systems not only alleviate
the burden on ophthalmologists but also provide them with a second independent
opinion. Majority of the systems which have been proposed for the detection of changes
caused by hypertension like the quantification of blood vessels include the segmentation
of the basic retinal structures like Optic Disk (OD) and retinal blood vessels as a
preliminary step [3—6]. OD usually appears as a bright yellow circular structure from
where the retinal vessels emerge, however this feature may vary across images signifi-
cantly as shown in Fig. 1. Also, OD boundary is sometimes not clear enough due to
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other abnormalities like Optic Disk Edema and Papilledema, as shown in Fig. 2. These
variations and other complications make the segmentation of OD difficult.

(b)

(a)
(c)

Fig. 1. Variations in appearance of OD: (a) Brownish OD image, (b) Whitish OD, (c) Reddish
OD, (d) Yellowish OD. (Color figure online)

Fig. 2. Example of OD blurring

This paper presents a novel method for OD boundary segmentation in retinal fundus
images with OD disk swelling. The proposed technique works correctly for images in
which the OD boundary is blurred secondary to changes caused by malignant hyper-
tension. The long-term high blood pressure can lead to raised intracranial pressure which
is another reason for OD swelling [7-9]. Along with the obscured boundary, the color
of OD also changes from bright to abnormally pale as shown in Fig. 2. This paper
contains four sections. A review of previous methods is given in Sect. 2, Sect. 3 describes
the proposed methodology, Sect. 4 shows experimental results followed by conclusion
that is given in Sect. 5.
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2 Related Work

The techniques which have been proposed so far segment the optic nerve head in absence
of OD blurring. D. Marin et al. [10] presented a method for OD segmentation which
includes the application of morphological operations followed by Hough transform.
Circular Hough transform is also used in [11] for OD center approximation and grow
cut algorithm for boundary segmentation. Another method presented in [12] used Prin-
cipal Component Analysis (PCA) for detection of OD and active contour model is
proposed for OD boundary segmentation. C. Wang et al. presented a work in which
template matching is used to detect OD center followed by Level Set Method for boun-
dary segmentation [13]. Region growing algorithm is used in [14] for segmentation of
OD boundary. Recently a research is presented in [15], for detection of OD in presence
of pathologies like exudates.

This paper contributes in correct detection and segmentation of OD in presence of
retinal pathology i.e. OD blurring. OD blurring makes the identification and boundary
segmentation of OD ambiguous because of its resultant effects.

3 Proposed Method

The proposed technique consists of four stages; Preprocessing, Vessel Segmentation,
OD detection and Line profiles extraction followed by evaluation of maximum gradient
along line profiles. In the first stage, preprocessing is applied on fundus image followed
by segmentation of retinal vessels. In the second step, retinal vessels are segmented
using Gabor Wavelet. In the third step, OD position is localized using Laplacian of
Gaussian filter and highest vessel property of OD. Then, the center of detected OD region
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Fig. 3. Flow chart of proposed methodology
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is found and based on that center; a region of interest is extracted containing the OD
portion. Finally, line profiles are extracted at several orientations which pass through
the OD region’s center. The gradient along these profiles are recorded and the pixels
with maximum gradient are marked. These pixels provide a basis for OD boundary
detection and are used to fit an ellipse. The proposed methodology is tested on images
gathered from AFIO, Pakistan. A comparison is also made with the ground truth OD
masks. Figure 3 shows the flow diagram of proposed method. The steps adopted in the
method are described in detail in this section.

3.1 Background Segmentation

In preprocessing, the fundus background is removed in order to suppress un-necessary
pixels. The reason for this removal is that the dark background is not actually black.
Background estimation is done using local mean and variance based method [16]. Then,
thresholding and morphological operations are applied to create a binary mask. The
original image along with background segmentation is shown in Fig. 4.

(a) (b)

Fig. 4. Background segmentation: (a) Original fundus image, (b) Background mask

3.2 Vessel Segmentation

For segmentation of vessels, 2-Dimentional Gabor Wavelet is used [17]. The purpose
of using Gabor filter is their localization property, they capture the response of small as
well large width vessels with greater accuracy. After enhancement, retinal vessels are
thresholded. Equation 1 shows expression for Gabor Wavelet, which is simply a multi-
plication of complex exponential and 2-D Gaussian sinusoidal [18].

2 2
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Gabor Wavelet response is evaluated for various orientations spanning from 0° up
to 179° at steps of 10° and then their maximum response is taken [17]. A Gabor Wavelet
enhanced retinal image is shown in Fig. 5 (a) along with its thresholded version in
Fig. 5 (b).
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.(a)

Fig. 5. Vessel segmentation: (a) Retinal vessel enhancement, (b) Segmented retinal vessel
network

3.3 Localization of the Position of OD

In the proposed system, Laplacian of Gaussian (LoG) filter and highest vessel density
property of OD is used to detect the location of OD [19]. Red channel of RGB image is
selected and a circular-shaped inverted LoG filter is used to enhance the location of OD
[19]. This template is particularly used because of circular structure of OD. Red channel
of image and LoG filter is shown in Fig. 6 below. The Red channel has been selected
because it provides the clear and discriminating visualization of OD.

(b)

Fig. 6. Optic Disk detection: (a). Red channel of image (b). LoG filter. (Color figure online)

After the candidate circular regions have been enhanced using the LoG filter, they
are binarized. The threshold that is used for this binarization is given in Eq. 2 [19]. mLoG
is the maximum value in LoG filtered image in Eq. 2.

T = 0.6 * mLoG 2)

This threshold selects pixels having top 60% response from the LoG filtered image
[19]. Preliminary experiment guided the selection of this threshold since it is optimal
for all the images. Images in the dataset contain pathologies like exudates and cotton
wool spots that have similarity in structural and color properties with OD, so the LoG
filtered and subsequent thresholded image may contain more than one OD region. To
overcome this issue, vessel density property is incorporated to separate out the OD
region from the other segmented portions. A bounding box is drawn around these
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regions, and vessel density inside them is evaluated. The region with maximum vessel
variation is selected. Figure 7 shows the complement of segmented vessel image with
bounding box created around OD candidate regions.

Fig. 7. Bounding boxes marked on candidate OD regions

Figure 8 shows the extracted candidate regions after thresholding with LoG filter
and the OD region after incorporating vessel density characteristic. After determination
of OD region, its center is evaluated and a sub-image containing OD is extracted. This
sub-image is of dimensions 500 X 620 and is extracted by taking into account the center
of OD region as shown in Fig. 9. This sub-image is used as input data for OD boundary

estimation.
@ o)

Fig. 8. Localization of OD region: (a). Segmented candidate OD regions (b). OD region after
using vessel information

Fig. 9. Determination of ROI: (a). ROI marked in blue box and center of detected OD’s region
marked in black, (b). ROI region. (Color figure online)
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3.4 Boundary Detection of OD by Variation Along Line Profile

In our dataset, the OD region has the most discriminating appearance in the red color
plane, as mentioned before. However, in some sub-images, the fundus regions other than
OD appears brighter due to intra-image variations and makes the appearance of OD as
non-discriminating in red channel. Therefore, a mean threshold is chosen which deter-
mines the selection of color channel. If the mean threshold value of RGB sub-image is
equal or greater than 130, blue color plane is selected as input image otherwise red
component is chosen. Afterwards, the line segments of specific length are used to deter-
mine the pixels with highest gradient, which will lead to the evaluation of OD boundary.
Radial line segments /; with the length of 120 are taken at several orientations and regular
intervals i.e. from 8 = 0° to 180° with the step of 10° that pass through the center of OD
region. The length of the line segments is made such that it is long enough to capture
the variation on OD boundary. The profiles across the line segments are evaluated and
then their 1-D gradient is calculated. The absolute of this gradient is taken since the
lowest negative value indicates the variation along the region of high intensity to low
intensity and highest positive value of gradient indicates the variation of low to high
intensity [20]. The location of these gradient values is obtained and marked.

The intensity inside the OD is not uniform due to the presence of vessel structures,
therefore in some cases the gradient shows prominent variations not only at OD margins
but also inside the OD region. To avoid this situation, the Euclidean distance is measured
from the detected points to the center of region and the mean of all calculated distances is
taken. If the distance from the coordinates of maximum variation point and center is less
than mean value; the detected gradient point is discarded. After discarding the points that
have less distance than the selected mean threshold, a boundary is traced that follows the
retained gradient points. Moreover, as the blood vessel emerge from OD center and crosses
the boundary, this vessel crossing characteristic will prevent the gradient-based method in
tracing the smooth boundary. For this purpose, ellipse fitting is applied to the detected
points in order to smooth the traced boundary [21]. Figure 10 (a) shows the selected
component of RGB image with radial segments and detected points on OD boundary, (b)
represents the ellipse fitted boundary and (c) shows the obtained binary mask. Figure 11
shows results of proposed methodology on two images. Note the OD boundary in colored

(@) (b) ©

Fig. 10. OD detection: (a). Detected points of blurred OD margin, (b). Ellipse fitting to points,
(c) resultant mask. (Color figure online)
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image in the first row is blurred at temporal side, while in the second image; the vessels are
twisted due to tortuosity which resulted in OD boundary distortion.

Fig. 11. Boundary segmentation of OD: (a). Colored sub-images (b). Selected channel for
boundary segmentation with line segments and detected points superimposed, (c). Ellipse fitting
to detected points, (d). Generated binary mask. (Color figure online)

4 Results

A dataset of 28 images is used for testing of proposed methodology. These images are
of size 1504 x 1000, taken from Ophthalmology department of AFIO, Pakistan. The
OD in these images has been annotated as ‘blurring present’ or ‘not’ by an experienced
ophthalmologist. The OD boundary in the images has been annotated by our ophthal-
mologist and those annotations are then used as ground truth. Among the 28 images, 9
of them contain OD swelling.

In this paper, three performance measures are used for the performance evaluation
of proposed method. Jaccard and Dice coefficients shown in Eqs. 3 and 4 are used to
evaluate the OD boundary segmentation results whereas the third measure is the Eucli-
dean distance between the center of OD obtained from the proposed method and ground
truth masks is used to evaluate the localization of OD center [22]. Jaccard coefficient
(JC,,,) is defined as the intersection divided by union of the OD segmentation resulted
from the proposed system (S,,,,) and the ground truth segmentation (S,,). While the Dice
Coefficient (DC,,,) is about the size of the intersection of the OD boundary segmentation
resulted from the proposed system (S,,,,) and the ground truth segmentation (S,,) divided
by their average size.
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Stest n Sgr
JC,k=—"
s Stesl U Sgt (3)
2.8, N Sg,
DC, = ——
8 Stest + Sgt (4)

Table 1 shows the results of performance evaluation for OD boundary segmentation.
The average values achieved for JC,,, DC,,, and distance between OD centers are

0.8331, 0.9078 and 6.44, respectively.

Table 1. Performance of evaluation parameters for 28 images

Image no. (JCy,) (DCy,,) (Dist)
1 0.8539 0.9212 9.0554
2 0.8282 0.906 9.2195
3 0.854 0.9213 7
4 0.7836 0.8787 8.2462
5 0.695 0.82 2.2361
6 0.8365 0.9109 4.1231
7 0.9489 0.9738 2.8284
8 0.7172 0.8353 12.083
9 0.7377 0.8491 7.2801

10 0.9036 0.9493 2.8284

11 0.7896 0.8824 7.2111

12 0.8364 0.9109 7.2801

13 0.8565 0.9227 4

14 0.8041 0.8914 9.2195

15 0.8206 0.9015 10.6301

16 0.9046 0.9499 4.4721

17 0.829 0.9065 4

18 0.8478 09176 7.6158

19 0.7725 0.8716 44721

20 0.8788 0.9355 7.2111

21 0.8795 0.9359 5.6569

22 0.8166 0.899 10

23 0.8796 0.9359 5

24 0.7775 0.8748 8.0623

25 0.8139 0.8974 11.6619

26 0.9026 0.9488 1

27 0.8861 0.9396 3.1623

28 0.8743 0.9329 5
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Conclusion

This paper presents an improved method for the segmentation of OD in colored retinal
images with pathological degradations. A gradient based method is proposed for the OD
boundary segmentation, which consists of maximum gradient pixels extraction followed
by ellipse fitting. This technique provides accuracy for images with OD margin blurred.
The algorithms which have been proposed so far [10-15] provide OD segmentation in
normal images.
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