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Abstract. Glaucoma is one of the commonly occurring ocular diseases
which could potentially lead to permanent loss in vision. Color fundus
imaging is one of the most common modalities used for imaging the
retina. Using the color fundus images, the assessment of glaucoma is
performed by the examination of the optic nerve head and the region
around it. For the computer aided diagnosis of glaucoma, we propose
a deep learning based framework for three major tasks - localization of
optic nerve head, image based classification for glaucoma, semantic seg-
mentation of optic disc and cup. In our approach, we transform the fun-
dus images with cropped region of interest using various operations. We
propose a novel method for glaucoma classification in which we employ
multiple pretrained deep networks and retrain the networks for glau-
coma classification.During the prediction stage, we perform ensembling
of multiple classifiers, each of which are trained with different networks
and different kinds of input images. For the task of semantic segmenta-
tion, we employ a fully convolutional network for joint segmentation of
optic disc and cup. On the validation set of the REFUGE challenge, we
obtain an area under the curve (AUC) 0.9635 and reference sensitivity
of 0.975, for the task of classification and dice scores for 0.8964 for optic
disc and 0.7744 for optic cup and cup-to-disc ratio (CDR) error of 0.0974
for the task of semantic segmentation.
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1 Introduction

Glaucoma is a sight-threatening ocular disorder which affects a large number
of people worldwide. Assessment of glaucoma is predominantly performed using
color fundus images by examining the optic nerve head(ONH) and the regions
around it. The ONH region consists of two prominent parts- a bright circular
structure called Optic Disc (OD) and an embedded region inside the OD called
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Fig. 1. Our proposed deep learning based pipeline for computer aided diagnosis of
glaucoma

Optic Cup (OC). There have been several works on the assessment of ONH re-
gion for the analysis of glaucoma which usually follow the pipeline of performing
segmentation of optic cup and disc and then deriving features such as cup-to-disc
ratio (CDR). Recently, some works have employed deep networks for the task
of glaucoma detection directly from the fundus image [1], [2]. For the task of
segmentation of optic disc and cup, the work [6] provides a survey of different
techniques for segmentation of optic disc and cup. Many methods based on mor-
phological techniques [7] and deformable energy based models [8][9] and graph
cuts [10] have been proposed. Recently, upon the advent of deep learning, the
U-net [11] like fully convolutional architectures have been used for many kinds of
semantic segmentation task. For the case of glaucoma, recently [3] proposed the
use CNNs where filters are learned in a greedy fashion and the image is passed
through the CNN to get pixelwise predictions for disc and cup segmentation.
We recently proposed an end to end fully convolutional network for the task
of joint optic disc and cup segmentation [5]. The work also explored the use of
adversarial training for segmentation task.

In this work, we propose an automated pipeline for the task of analysis of
retinal images for the detection of glaucoma. We propose methods using deep
learning separately for the three important tasks in glaucoma analysis namely-
ONH detection, image based glaucoma grading and segmentation of optic disc
and cup.

2 Methods

The overall pipeline of our proposed approach is shown in Fig. 1. Given a color
fundus image, optic nerve head is detected and cropped. The cropped image is
classified as glaucoma or not using an ensemble of deep networks. Along with
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Fig. 2. Block diagram of Faster R-CNN.

this, semantic segmentation for optic disc and cup is carried out using fully
convolutional networks (FCN).

2.1 Optic Nerve Head Detection

Optic nerve head detection is the primary step in glaucoma diagnosis. Localizing
the optic nerve head helps in obtaining discriminative information, thus improv-
ing segmentation and classification performance. Faster R-CNN [4] is state of
the art in object localization and classification. It consists of two stages: Region
proposal network (RPN) and Fast R-CNN detector. An RPN takes a color fun-
dus image as input and outputs a set of rectangular object proposals, each with
an objectness score. The Fast R-CNN network then takes the region proposals
and performs a region of interest (ROI) pooling operation and subsequently non-
maximum suppression (NMS) to select only proposals with high confidence. A
sample block diagram for Faster R-CNN can be seen in Fig. 2.

2.2 Processing of cropped image

The next important step in our pipeline is the processing of the cropped re-
gions obtained from the ONH detection step. We perform three different kinds
of processing on the original image. For the first kind of processing, we select a
standard image and normalize all the cropped images with respect to the stan-
dard image for eah of the color channels. For the second kind of preprocessing,
we first convert the normalized RGB image into HSV image and then scale it
from 0 − 1. We propose a novel scheme for retinal fundus images for the third
kind of preprocessing, we take only the green channel of the normalized image
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Fig. 3. Processed image crops- (a) Original Image, (b) Normalized RGB Image, (c)
Normalized HSV Image, (d) Inverted Green Channel Image

Fig. 4. Block diagram of Classifcation network

and then invert it. We see that this form of preprocessing enhances the dis-
criminative ability of optic cup from disc. Comparison of different processing
techniques along with the original image is shown in Fig. 3.

2.3 Image Based Glaucoma Classification

After preprocessing, images with three color space will be obtained and is re-
sized to 224x224. Each color space is classified by an ensemble of state of
the art ImageNet [12] classifiers like ResNet101, ResNet152, DenseNet169, and
DenseNet201. Comparing to the normal convolutional networks, ResNet [13] and
DenseNet [14] have improved the performance of classification tasks by introduc-
ing residual and dense connections respectively. The classifier network takes in a
normalized image as input and predicts output label. The networks are initialized
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Fig. 5. Segmentation network

with ImageNet pre-trained weights. The weights of the networks are finetuned
using gradients obtained from negative log-likelihood loss. The overall layout of
the architecture can be seen in Fig . 4.

2.4 Semantic Segmentation of Optic Disc and Cup

For the task of joint optic disc and cup segmentation, we employ the network
proposed by our group called ResUnet [5], shown in figure Fig. 5. The network is
a fully convolutional network (FCN) with both long and short skip connections.
In this task, we learn a mapping from the processed image containing the region
of interest to the corresponding segmentation map with the segmentation map
consisting of three classes- optic disc, cup and the background. Let x denote the
processed image and y denote the corresponding segmentation map, our goal
here is to learn mapping G : x→ y, where the function G is learned using a base
network. The base network is a FCN which is trained to minimize multi-class
cross entropy loss Lmce(G) given by

Lmce(G) = Ex,y∼pdata(x,y)[−
N∑
i

yi log (Gi(x))] (1)

where i represents the pixel index with total of N pixels.

2.5 Datasets

ORIGA dataset contains 650 retinal fundus images with 482 normal cases and
168 confirmed glaucoma. This is used for training the detector, classifier, and
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segmentation network. REFUGE dataset consists of total 1200 color fundus
images. The dataset is split 1:1:1 into 3 subsets equally for training, offline
validation and online test, stratified to have equal glaucoma presence percentage.
Training set has a total of 400 color fundus image with 40 glaucoma and 360
normal cases. The images provided have pixel-wise annotations for optic-disc
and cup segmentation. Testing set consists of 800 fundus images in which 400 is
used for off-site and the remaining 400 for on-site validation.

3 Experiments

3.1 Optic Nerve Head Detection

– Train : Faster RCNN is trained with resnet101 backbone for 25000 steps. The
dimensions of the images are 360 x 572. Batch size is fixed to 1. The anchor
scale and aspect ratios are [0.25, 0.5, 1.0, 2.0] , [0.5, 1.0, 2.0] respectively. NMS
iou threshold is set to 0.7.

– Test : The threshold of the confidence score is kept at 0.5. With the as-
sumption, only one optic nerve head can be present in a single image, when
multiple bounding boxes are predicted, the one with the highest confidence
score is considered.

3.2 Image Based Glaucoma Classification

– Train : 4 models with 3 color spaces contribute 12 different models. Each one
is trained separately with ORIGA dataset. Settings of the classifier are batch
size (4), loss function (NLLLoss), final layer activation function (logsoftmax),
optimizer (SGD), learning rate (0.001), momentum (0.9) and epochs (25).

– Test : In an ensemble of classifiers, the mode is taken across the available
models. The class which is contributing to the higher mode is taken. If the
class is glaucoma, then maximum confidence score of the glaucoma class
group is taken. If the class is non-glaucoma, then minimum confidence score
of the non-glaucoma group is taken.

3.3 Semantic Segmentation of Optic Disc and Cup

– Train : The model was trained from scratch with initialization from a Gaus-
sian distribution with mean 0 and standard deviation 0.02 and run for 200
epochs. The initial learning rate was kept to be 10−4 and halved every 50
epochs.

– Test : The network produces a segmentation map for OD and OC. In order
to constrain the segmentation maps as a single connected component, we
employ a morphological opening and remove spurious regions. We then fit
an ellipse to both the OD and OC segmentation maps.
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Fig. 6. Sample results on the REFUGE validation dataset. The green line indicates
the dileneations for the optic disc and the dark blue line indicates dileneations for optic
cup.

4 Results

For the task of ONH detection, the detector gave a precision of 1.0, recall of 1.0
and F1-score of 1.0. For the task of localized ONH classification, the ensemble of
ResNet152 with the three color channels gave the AUC of 0.9635 and reference
sensitivity of 0.975. For the task of semantic segmentation, the proposed model
gave a dice score of 0.8964 for optic disc and 0.7744 for optic cup and cup-to-disc
ratio (CDR) error of 0.0974. Sample results on the REFUGE dataset are shown
in Fig. 6.

5 Conclusion

In this work, we proposed methods for the tasks of ONH detection, image based
glaucoma classification and semantic segmentation of OD and OC. We also pro-
posed the use of novel inverted green channel image for retinal image analyses,
which gave superior performances on both the tasks of image classification and
segmentation. We then proposed an ensemble based framework for image based
glaucoma classification utilizing three kinds of processed images and also dif-
ferent deep networks. We obtain a high accuracy and AUC ROC for the task
of glaucoma classification. We also employed FCNs for the task of OD and OC
segmentation. Thus, our proposed framework serves as an automated pipeline
for retinal image analysis for glaucoma.
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