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ABSTRACT

Optic Disc (OD) segmentation from retinal fundus images is
important for many applications such as detecting other op-
tic structures and early detection of glaucoma. One of the
major problems in segmenting OD is the presence of Para-
papillary Atrophy (PPA) which in many cases looks similar
to the OD. Researchers have used many different features to
distinguish between PPA and OD, however each of these fea-
tures has some limitation or the other. In this paper, we pro-
pose to use a deep neural network for OD segmentation which
can learn features to distinguish PPA from OD. Using simple
image intensity based features, the proposed method has the
least mean overlapping error (9.7%) among the state-of-the-
art works for OD segmentation in fundus images with PPA.

Index Terms— Optic Disc segmentation, deep learning,
parapapillary atrophy, retinal fundus images

1. INTRODUCTION

Optic Disc (OD) or Optic nerve head is the location in the
eye where the optic nerves leave the retina. Detecting the
boundary of the OD is called OD segmentation which is im-
portant for many applications such as detecting other retinal
structures and early detection of glaucoma using optic cup
to disc ratio (CDR) [1]. OD segmentation is easier for a
healthy retina as compared to a retina with abnormalities such
as bright lesions or Parapapillary Atrophy (PPA). PPA lies ad-
jacent to the OD and is often confused with the OD (Figure 1).
The method presented in the paper aims to deal with the pres-
ence of PPA while segmenting the OD boundary from retinal
fundus images.

Out of the many methods for OD segmentation only a few
deal with the presence of PPA. For example, Joshi et al. [2]
used texture based features to discriminate between OD re-
gion and PPA. Xu et al. [3] use image intensity, image gradi-
ent, and boundary smoothness for OD segmentation. Cheng
et al. [4] attempt to eliminate PPA using edge filtering, con-
straint elliptical Hough transform and PPA detection. Inten-
sity and texture based features were used for the task. Another
work by Cheng et al. [1] proposed a superpixel based OD seg-
mentation in which each superpixel is classified into disc or
non-disc using histogram and center surround statistics.

Fig. 1. Problems in detecting OD in the presence of PPA. (a)
Original region of interest (b) Ground truth for OD segmen-
tation (c) False segmentation due to PPA.

The above mentioned methods have tried to explore dif-
ferent types of features but each feature may have its own
limitations especially in the presence of PPA. For example,
intensity based features may have problem because many re-
gions inside PPA have intensity similar to the OD. Texture
based features may not work when the texture is not signifi-
cantly predominant or when the PPA area is small. The work
presented in this paper proposes OD segmentation using the
ability of Deep Neural Networks (DNNs) to learn features us-
ing Deep Learning (DL) with simple features as input. At
different layers of the DNN, features of different levels of
complexity are learnt which can solve subtle classification
tasks [5].

The novelty of the proposed method lies in using DL;
specifically a DNN (mainly consisting of Stacked Auto En-
coders (SAE)); for OD segmentation and achieving state-of-
the-art results using simple intensity and distance features
(Section 3.2). Biomedical significance of this work is that
more accurate OD segmentation would lead to better ac-
curacy in the possible subsequent tasks such as glaucoma
detection.

2. METHODOLOGY

The proposed system (Figure 2) takes a color retinal fundus
image as the input. For images in both training and testing
datasets, the system detected OD center and cropped a region
of interest (ROI) for feature extraction (Section 2.2). A DNN
(Section 2.3) trained using features extracted from the train-
ing dataset, performed a preliminary OD segmentation. This
segmentation was refined further using Active Shape Model
(ASM, Section 2.3) to get the final segmentation. Details are
explained as follows.



Fig. 2. A flowchart depicting the proposed method for Optic
Disc (OD) segmentation.

2.1. Optic Disc detection

OD was detected using on a circular transform which cap-
tures the nearly circular shape of the OD and also its higher
intensity as compared to the surrounding regions of the retina
(Details can be found in [6]). We used the original method [6]
slightly differently. Instead of using a combination of green
and red channels we only used the red channel since green
channel has vessels prominently visible whereas the red chan-
nel was found to have OD very prominent. In images where
red channel was oversaturated (its mean intensity exceeded
a threshold τ , empirically chosen to be 130), we chose an-
other image, Ia, formed by combining green (Ig) and blue
(Ib) channels followed by histogram equalization [7]: Ia =
histeq(αIb + βIg). Here α and β are constants with val-
ues 1 and 1.6, respectively and histeq(I) denotes histogram
equalization of an image I . This process of using either the
red channel or Ia is called optimal image selection [7]. The
resulting image was normalized to bring the intensity values
in the range [0, 255]. Another modification was to use the
OD detection method in [8] for localizing the OD region first
and then applying circular transform only for the pixels in the
localized region.

After detecting the OD using circular transform, a region
of interest (ROI) of size 800 × 800 pixels was cropped from
the color image around the detected OD center. This region
was resized to 300× 300 pixels for faster processing and op-
timal image selection was performed similar to OD detection.
To improve the contrast of the ROI, Contrast Limited Adap-
tive Histogram Equalization was applied on it. Subsequently
features were extracted from it as follows.

2.2. Feature extraction

In this method, each pixel was classified either as a part of OD
or not. We first tried grayscale intensity based features since
intensity of optic disc is usually higher than the surrounding
regions. For each pixel, optimal image intensity values in
a square window of size 25 × 25 pixels were used as fea-
tures. For pixels close to the image boundary, mirroring (Fig-
ure 3(a)) was used to get intensity values for regions inside
the window which exceeded the image boundary.

Fig. 3. (a) If the window exceeded the image boundary, mir-
roring was performed to get the intensity values outside the
image. (i) Original image with window surpassing image
boundary. (ii) The window is enlarged to show mirroring.
(b) Non-OD region (in white) used for training the system.

Fig. 4. Architecture of the deep neural network used. The
numbers 500, 400, etc. show the number of units in the cor-
responding layer.

It was found (Section 3.2) that just intensity based features
were not sufficient since in many regions outside the OD, the
intensity was similar to that inside the OD. To improve OD
segmentation accuracy, we used a distance feature which is
simply the Euclidean distance of the pixel from the center
of the ROI. As the OD center coincides with the ROI center,
pixels lying inside OD will have smaller value for the distance
feature as compared to those outside the OD.

2.3. OD Segmentation

Features extracted from images in the training dataset (Sec-
tion 3.1) were used to train a DNN whose architecture is
shown in Fig. 4. Major components in the network were
Stacked Auto Encoders (SAE) which are autoencoders (AEs)
stacked one over the other. AE is an artificial neural network
which is trained to reconstruct its input.

While training the DNN, the layers corresponding to SAE
were first trained in an unsupervised manner using the stan-
dard layer-wise greedy fashion [9]. Once the weights of SAE
were learnt, the supervised layer was added and the whole
model was trained like a feedforward-backpropagation neu-
ral network where the initial weights came from the learnt
weights.

When OD was to be segmented in a test image, the image
was preprocessed and features were extracted for each pixel
as mentioned in sections 2.1 and 2.2. Extracted features were
fed to the trained neural network and after classification, pix-



Fig. 5. (a) Sample segmentation results of the proposed method as compared with other works. (i) Original ROI, (ii) Ground
Truth (iii) EHT [4] (iv) MCV [2] (v) MDM [3] (vi) Superpixels [1] (vii) Proposed method. Errors for the four cases using the
proposed method were 2.4%, 6.5%, 6.7%, and 18.7% respectively. (b) (i) Intensity image for an ROI (ii) Classifier response
(before ASM) using intensity features only (iii) Classifier response (before ASM) using both intensity and distance features.

els with decision values greater than 0.7 (on a scale of 0-1)
were classified as OD pixels. This resulted in a binary image
with OD pixels as 1 and all other pixels as 0. In this method,
OD was approximated by an ellipse and therefore we fitted an
ellipse to the initial prediction using elliptical Hough trans-
form. The boundary of this ellipse was used as an initializa-
tion for an Active Shape Model (ASM) [7] which fine tuned
the detected disc boundary to give the final segmentation.

3. EXPERIMENTAL RESULTS AND DISCUSSIONS

3.1. Dataset

The dataset used for experiments consisted of 230 images col-
lected as a part of Singapore Malay Eye Study (SiMES) [10].
All these images had PPA of varying severity. Images were
of size 2048 × 3072 pixels and had the OD region manually
marked as an elliptical region. Of all the images, first half (ar-
ranged alphabetically) was used for training while the second
half was used for testing the proposed method. Since each
pixel is a sample, instead of using all the pixels for training,
we chose 200,000 pixels sampled equally from all the im-
ages. Out of these, half were from OD region and remaining
half were from the non-OD region surrounding the OD. This
region was the non-OD region inside a circle centered on OD.
Radius of this circle was 10 pixels more than the length of the
major axis of the elliptical OD region (Figure 3(b)).

3.2. OD segmentation results

This section reports results of OD segmentation. For imple-
menting the DNN, DeepLearnToolbox [5] was used. Default
parameter settings were used except using a sigmoid activa-
tion function, learning rate of 1 and 100 epochs for training
each layer. More details on the DNN are excluded due to
space constraints but can be found in [5].

Results of OD segmentation are shown in Table 1. A com-
monly used evaluation metric for an image is the overlapping
error, E given as:

E = 1− Area(S ∩G)
Area(S ∪G)

(1)

Here S and G denote the segmented and the manual ground
truth OD regions, respectively. The average of E over all the
test images is denoted by µe, the mean overlapping error.

We also compared the proposed method with other major
works who have reported their performance on images with
PPA. The proposed method is denoted as ODDauto+ SAE
(automatic Optic Disc Detection + Stacked Auto-Encoders).
Results (Table 1) show that using only intensity and distance
features, the proposed method had the least mean overlapping
error µe (= 9.7%) as compared to other methods.

Segmentation results on four sample ROIs are shown in
Fig. 5(a) for the proposed and other methods. Going from
top row to the bottom, first row contains an example where
PPA looks different from the OD and as a result most of the
methods performed well in segmenting the OD. Second row
has mild PPA and there is not a significant difference between



Table 1. Results of OD segmentation on images with PPA for
the proposed method as compared with other works.

Method µe

EHT [4] 12.2%
MCV [2] 14.2%
MDM [3] 12.4%

Superpixels [1] 10.3%
ODDauto + NN 10.5%

ODDmanual + SAE 8.2%
ODDauto + SAE 9.7%

performances of all the methods. Third row has PPA looking
similar to the OD and all other methods got confused between
OD and PPA except the proposed method which segmented
the OD fairly accurately (E = 6.7%). In the last row it’s hard
to distinguish between PPA and OD even visually and all the
methods failed. These results bring out the need to further
work on improving segmentation performance on cases with
subtle difference between PPA and OD region.

In Table 1, a comparison has also been made with a con-
ventional neural network with 626 input units and 1 hidden
layer with 100 units (sigmoid activation function). For this
case (ODDauto+NN ), it is interesting to note that the value
of µe before using ASM was 15.3% as compared to 12.6%
using the proposed method. However ASM reduced the er-
ror drastically for ODDauto + NN due to which the final
value of µe was 10.5% as compared to 9.7% for the proposed
method. This reduction in error also justifies using ASM.

OD segmentation is affected by the accuracy in OD de-
tection due to which we also ran experiments assuming that
OD detection will be 100% accurate. This meant using
the manually marked ground truth for OD centers instead
of detecting them automatically. The corresponding results
(ODDmanual+ SAE) clearly show that due to errors in OD
detection, OD segmentation error increased by 1.5%.

As mentioned in sec. 2.2, just intensity features were in-
sufficient so we included distance feature. Figure 5(b) shows
an example to illustrate the need for including distance fea-
ture. It can be seen that including the distance feature reduced
both the false positives outside and false negatives inside the
OD region. This is because the value of the distance feature
was high for OD region which is close to the center of the
image while it was lower for region outside the OD.

4. CONCLUSIONS AND FUTURE WORK

This paper proposed a novel approach to Optic Disc (OD)
segmentation using deep learning, aiming at robustness to
the presence of Parapapillary Atrophy (PPA). Experiments
were performed on 230 images containing varying amounts
of PPA. Results for OD segmentation showed lower error than
the related state-of-the-art methods. Intensity features alone
were found insufficient in distinguishing between PPA and

OD. To deal with this problem we used a distance feature in
addition to the intensity features. The proposed work still had
problems in handling cases where PPA looked very similar to
the OD. This issue will be studied as a part of future work.
It is observed that results relied on accurate OD center detec-
tion since errors in OD detection led to a 1.5% increase in OD
segmentation error. This opens up possibility for improving
the currently available OD detection methods.
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