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Abstract. Glaucoma is a group of eye diseases which can cause vision
loss by damaging the optic nerve. Early glaucoma detection is key to
preventing vision loss yet there is a lack of noticeable early symptoms.
In addition, the cup-to-disc ratio (CDR) is an important indicator of
glaucoma. Therefore, we propose a pipeline for optic cup, optic disc seg-
mentation and glaucoma classification. In our pipeline, DeepLab v3+ is
used for optic disc, optic cup segmentation. Pixel quantification method
is employed to improve model robustness, and component analysis is
used for false positive pixels reduction. Moreover, we treat vertical CDR
as the confidence of getting glaucoma. Experimental results show that
proposed method can lead to more than 2.9 percentage points improve-
ment of dice coefficient in optic cup segmentation. At last, our model
achieves 0.8826 dice index for optic cup, 0.9559 dice index for optic disk
and 0.9614 AUC for glaucoma classification on validation set.

1 Introduction

Glaucoma is a group of eye diseases which can cause vision loss by damaging the
optic nerve. Early glaucoma detection is key to preventing vision loss yet there
is a lack of noticeable early symptoms. Fundus photography is an important
test used in diagnosing glaucoma because it creates an opportunity to assess
the retinal ONH structure. In a typical 2-dimensional fundus photograph, the
ONH is located within a bright elliptical area. The optic disc is the visible
portion of the optic nerve, from which the nerve fibers exit the eye. The central
depression of the optic disc is known as the optic cup, and the area around
the optic cup is known as the neuroretinal rim. The cup-to-disc ratio (CDR)
and Inferior, Superior, Nasal, and Temporal (ISNT) rule are 2 key indicators
by which to assess the ONH. The vertical CDR is defined as the ratio of the
vertical diameter of the optic cup to the vertical diameter of the optic disc.
As glaucoma progresses, optic nerve fibers gradually disappear, thus the optic
cup becomes larger with respect to the optic disc, which increases the CDR. In
current clinical practice, the CDR is usually obtained via manual measurement
by an ophthalmologist.

However, depending on the ophthalmologists experience, the CDR measure-
ment can be affected by subjectivity. Meanwhile, in a normal eye the neuroreti-
nal rim usually follows the ISNT rule: it is thickest at the inferior rim, then
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the superior rim, then the nasal rim, and it is thinnest at the temporal rim.
Because glaucoma causes partial loss of the neuroretinal rim, the rims of glau-
coma patients generally do not follow the ISNT rule. Although not all glau-
coma patients have the same symptoms, these 2 tests are still very effective
in diagnosing glaucoma in a clinic setting. Using the CDR and the ISNT rule
to perform computer-aided diagnosis of glaucoma has reached a high accuracy
rate. However, observing ONH changes manually is a time-consuming process,
and its accuracy varies according to the ophthalmologists experience. Therefore,
research is being conducted to determine glaucoma-related structural changes
automatically from retinal images. Optic disc and optic cup segmentation are
important steps in this process. Optic disc segmentation has achieved highly
accurate results that are very close to the results obtained by eye specialists.
Relatively, there are few algorithms for optic cup segmentation, and its accuracy
is far behind that of optic disc segmentation. The optic cup has a 3-dimensional
structure. Optical coherence tomography (OCT) can be used to reconstruct the
optic cup and establish its boundary. In addition, stereoscopic fundus photogra-
phy can be used to partially reconstruct the 3-dimensional structure of the optic
cup and generate the boundary. Nevertheless, fundus photography is more com-
monly used in eye hospitals and for glaucoma screening. Therefore, it is more
practical to reconstruct the optic cup boundary from a fundus image.

In the early stage, thresholding was used to determine the optic cup bound-
ary, relying on the color intensity difference between the cup and the neuroretinal
rim. However, this method was valid only in some special cases. Liu et al. pro-
posed a method in which a potential set of pixels belonging to the cup region
is first derived based on the reference color obtained from a manually selected
point. Next, an ellipse is fitted to this set of pixels to estimate the cup bound-
ary [6]. Joshi et al. used thresholding to determine the set of potential pixels
corresponding to the cup boundary and fitted an ellipse based on these pixels
[5].

However, the outline obtained via ellipse fitting reflects only coarse cup
boundaries. Wong et al. used a level set-based method [9] that relies on the edges
between the cup and the neuroretinal rim. Both this method and thresholding-
based methods essentially rely on pallor information. However, many fundus
images show no obvious pallor or edges within the disc from which to extract
the cup boundary. Furthermore, in most fundus images, parts of the optic cup
are obviously pallor while other parts are covered with blood vessels and are not
obviously pallor.

Nowadays, semantic segmentation applied to still 2D images, video, and even
3D or volumetric data is one of the key problems in the field of computer vision.
Machine learning, and in particular more recent deep learning based method-
s have shown promising results for OD and OC segmentation [2, 10, 7]. The
machine learning based approaches highly depend on the type of extracted fea-
tures which might be representative of a particular dataset but not of others.
For optic cup segmentation, Guo et al. [4] used large pixel patch based CNNs
where the segmentation was achieved by classification of each pixel patch and
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post-processing. A modified version of the U-Net convolutional network was p-
resented by Sevastopolsky for automatic optic disc and cup segmentation [8].
Most recently, Fu et al. used a polar transformation with the multi-label deep
learning concept by proposing a deep learning architecture, named M-Net, to
segment the OD and OC simultaneously [3].

Here, we use a popular deep learning model, that is DeepLab v3+, to segment
optic disc (OD) and optic cup (OC). The predicted OD and OC boundaries are
then used to evaluate the performance by calculating dice coefficients (dice index)
and CDR. We use CDR for glaucoma classification, the value of CDR denotes
the probability of getting glaucoma. Moreover, the area under the roc curve is
used to evaluate the performance of classifier.

The remainder of this work is organized as follows. Section 2 introduce the
pipeline used in the challenge, including segmentation network, our proposed
pixel quantification method and component analysis method. Experiments and
results are summarized in Section 3. Section 4 concludes the paper.

2 Methods

We propose a pipeline for OC, OD segmentation and glaucoma screening, as can
be seen in Figure.1. First, we used pixel quantification and other transforma-
tions for data augmentation. Second, we trained DeepLab v3+ for OC and OD
segmentation. Third, post-processing are performed to convert probability maps
to binary maps. Last, CDR are calculated according to the segmentation of OC
and OD. This section will introduce these methods in detail.

Pixel Quantification DeepLab v3+
CDR

input

binary

Component Analysis 

binary

Component Analysis 

Fig. 1. Our pipeline for oc, od segmentation and glaucoma classification.

2.1 Pixel Quantification

We can observe from Figure. 2 that the color information of optic cup differs
hugely between training set and validation set, since the images are taken from
different fundus cameras. To reduce the sensitivity of the segmentation model
to color and to improve model robustness, we use a method, called pixel quan-
tification, to pre-process training images. For an image x (rgb) from training
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set, each pixel of x belongs to [0, 255]. The pixel quantification method can be
formulated as follows:

x
′
= ceil(x/r) ∗ r; (1)

where r is a hyper-parameter that control the strongness of quantification, x
′

means processed image. For example, for pixel values range from 0 to r, after
pixel quantification, they share the same pixel value 1. Generally, for pixel values
belong to [r + 1, kr], after pixel quantification, they share the pixel value of k.

(a) A fundus image from training set (b) A fundus image from validation set

Fig. 2. Fundus images from training set and validation set.

2.2 Segmentation Network

DeepLab v3+ is a state-of-the-art deep learning model for semantic image seg-
mentation [1], which use atrous spatial pyramid pooling (ASPP) to robustly
segment objects at multiple scales with filters at multiple sampling rates and
effective fields-of-views. The ASPP module with image-level feature to capture
longer range information. Which also include batch normalization parameters
to facilitate the training. In particular, the atrous convolution to extract out-
put features at different output strides during training and evaluation, which
efficiently enables training BN at output stride = 16 and attains a high perfor-
mance at output stride = 8 during evaluation. The key feature of DeepLab v3+
is it include a simple yet effective decoder module to refine the segmentation
results especially along object boundaries. Furthermore, in this encoder-decoder
structure one can arbitrarily control the resolution of extracted encoder features
by atrous convolution to trade-off precision and runtime. The loss function of
the network used is cross-entropy. The architecture of the network used in our
experiments shown in Figure. 3.
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Fig. 3. The architecture of the DeepLab v3+.

2.3 Component Analysis

We get segmentation probability map from DeepLab v3+. Then, we binary the
probability maps through threshold method. Since there is only one optic disc
and optic cup in an retinal image, so that we reserve the component with the
largest area. Some false positive points can be reduced through this component
analysis method.

2.4 Glaucoma Screening

The CDR is the comparison of the diameter of the cup to disc, which partially
represents disease status. Determination of CDR varies among doctors and can
be influenced by subjectivity. The normal CDR is 0.3 to 0.4. A larger CDR may
indicate glaucoma or other diseases such as neuro-ophthalmic diseases. Previous
studies showed that larger vertical (not horizontal) CDR is closely associated
with progression of glaucoma. Although not accurate enough, CDR is very useful
in clinical practice and evaluation of glaucoma. Once the segmentation results
of optic disc and optic cup have been obtained, vertical CDR is calculated. And,
we use CDR denotes the probability of glaucoma.

3 Experiments and Results

3.1 Image Datasets

In our experiments, we use available datasets of color retinal fundus images from
REFUGE. The REFUGE dataset comprises 400 fundus images with resolution
of 2124×2056 pixels including 360 normal eyes and 40 glaucomatous eyes for
training, 400 fundus images with resolution of 1634×1634 pixels for test. The
training sets are provided with the OD, OC annotation and glaucoma ground
truth provided by experts.



6 NKSG

3.2 Data Processing and Augmentation

For training sets, we generated a specific bounding box for each image according
to the OD ground truth, and then cropped the color image by the pixel position
corresponding to the bounding box to obtain a cropping map of 900*900 pixels.
For segmentation task, the cropping map are as inputs.

For segmentation task, as there are fewer training images compared with
the model complexity, training set augmentation methods are adopted. We used
various transformations to augment the training set, including rotation by an
angel of 22, 44, 66, 90, 180 and 270, flipping horizontally and vertically, and
scaling by a factor of 0.8 and 1.2. Therefore, the original picture for training is
expanded to 10,800 sheets.

3.3 Parameter Settings

For segmentation task, we employ fine-tuning from models pre-trained on pascal
voc dataset. We perform SGD with learning rate 0.0005, momentum 0.9, weight
decay 0.00004, batch size 1 and max iteration 100000.

3.4 Results

Training Set For segmentation task, we split the training sets into 85% for
training and 15% for independent test set. The performance of the proposed
method for segmenting the OD and OC when compared with the ground truth
was evaluated using Dice Index and CDR. Dice coefficient is a similarity measure
related to the Jaccard index. For sets X and Y in semantic segmentation the
coefficient may be defined as:

Dice =
2|X ∩ Y |
|X|+ |Y |

(2)

Where X = (xij)
HW
i=1,j=1 is a predicted output map, containing probabilities

that each pixel belongs to the foreground, and Y = (yij)
HW
i=1,j=1 is a correct binary

output map. Table. 1 displays the optic disc and cup segmentation results of the
DeepLab v3+.

Table 1. Values of Dice coefficient and CDR.

Model Dice Index (OC) Dice Index (OD) CDR CDR (ground truth)

DeepLab v3+ 0.8971 0.9621 0.4844 0.4941
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Validation Set For segmentation task, Table. 2 shows the experimental re-
sults on validation set. We can observe that pixel quantification leads to 0.029
improvement in dice index of optic cup, which demonstrate the effective of our
method. In addition, the dice index of OD decreased slightly, we thought this
may due to OD is not sensitive to different fundus camera. The segmentation
result using pixel quantification are shown in Figire. 4.

Table 2. Segmentation Results and Classification Result on validation set.

Model Dice Index (OC) Dice Index (OD) AUC

DeepLab v3+ 0.8532 0.9559 -
DeepLab v3+ (pixel quantification) 0.8826 0.9553 0.9614

(a) fundus image (b) segmentation result

Fig. 4. Segmentation result of a fundus image from validation set.

4 Conclusion

In this challenge, we propose a pipeline for optic cup and optic disc segmentation
and glaucoma classification. In our pipeline, DeepLab v3+ is used for optic disc,
optic cup segmentation. Pixel quantification method is employed to improve
the robustness of segmentation model, and component analysis is used for false
positive pixels reduction. Moreover, we treat vertical CDR as the confidence of
getting glaucoma. Experimental results show that proposed method can lead to
more than 2.6 percentage points improvement in dice coefficient. Further research
is needed for glaucoma screening, since CDR is not enough.
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