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Abstract. Deep learning approaches are being applied to detect glaucoma from 

retinal fundus images. Previous studies, however, have shown less than enough 

performance to be used for automated glaucoma screening. In the paper, we pro-

posed a novel end-to-end glaucoma detection system and associated methods. 

Optic disc (OD) and optic cup (OC) segmentation method is proposed, which is 

developed from M-Net but defines OD/OC segmentation as cascaded single-la-

beled segmentation tasks and has many improvements. A coarse OD detector is 

trained to take advantage of the knowledge of OD position and then used to pre-

pare and enhance training data. A fine OD segmentation is conducted from the 

prepared data and then OC segmentation is conducted from the tightly cropped 

area resulting from the OD segmentation. In addition to this ‘divide-and-conquer’ 

methods, our OD/OC segmentation methods comprise decent pipeline including 

preparation, pre-processing, deep learning and post-processing. Glaucoma 

screening system is then proposed as combination of OD/OC segmentation 

method and a glaucoma classification method where separate convolutional neu-

ral networks are trained to learn features from decently arranged crop image in-

cluding features around OD/OC and retinal nerve fiber layer defect (RNFLD). 

When trained and validated using REFUGE dataset, dice coefficient was 0.9426 

for OD, 0.8565 for OC and mean absolute error of CDR was 0.0507 in OD/OC 

segmentation task. AUC was 0.9637 and sensitivity was 0.9 in classification task. 

Further improvement is expected via applying more training datasets and fine-

tuning. 
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1 Introduction 

Glaucoma is one of the leading causes of irreversible blindness. Early screening and 

detection methods for glaucoma have been researched for that reason. In general, intra-

ocular pressure leads to torsion of the optic nerve and retinal nerve fiber layer defect 

(RNFLD) and results in glaucoma. Glaucoma suspect can be detected from retinal fun-

dus images whose key features are torsion of optic disc (OD), high ratio of the vertical 

cup to disc (CDR), pale disc, and disc hemorrhage. 
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In the whole fundus photograph, the area to be observed for classification of glaucoma 

is the region where OD and RNFLD can appear with very high probability in case. 

RNFLD is mainly a pattern starting from the OD and extending inward to the vessels, 

and it may appear microscopically difficult to read unless it is an ophthalmologist. 

 

Optic cup (OC) is the cup-shaped part which is located at the center of the OD. A 

Lager CDR is a well-accepted indicator of glaucoma but determining CDR is affected 

by each clinician’s experience and opinion. Though it can be observed when there are 

other neuro-ophthalmic diseases than glaucoma, previous studies showed that a larger 

CDR is closely related with glaucoma progression and thus useful in evaluation of glau-

coma.  

Most of the previous studies for large-scale screening of glaucoma were based on 

hand-crafted features to measure CDR, but deep learning approaches especially using 

convolutional neural networks (CNNs) have been successful to demonstrate better per-

formance than previous approaches such as U-Net [6], M-Net [7], DE-Net [8]. How-

ever, those state-of-the-art approaches even need to be improved in that the CDR is not 

accurate enough and area under curve (AUC) of receiver operating characteristics 

(ROC) is not high enough to be used for large-scale screening of glaucoma. 

In this paper, we proposed an improved OD and OC segmentation method which is 

fully automated and defined as a cascaded single-label tasks while M-Net uses the 

multi-label setting which is the baseline method of ours and thus the same segmentation 

performance measures such as dice coefficient and vertical CDR are used for compar-

ison. In the meantime, a separate CNN is trained to observe more features including 

disc hemorrhage and RNFLD and predict glaucoma suspect, which shows high accu-

racy in terms of AUC. Placing the above methods into a well-arranged pipeline results 

in a state-of-the-art performance in segmentation and classification tasks on glaucoma 

using only 400 training images from REFUGE 

The remainder of this paper consists of the followings. In section 2, previous works 

related with OD/OC segmentation and glaucoma classification are reviewed. In section 

3, the details of our methodology are presented. Experiments to measure the perfor-

mance of our methodology are described in section 4, and then we concluded this paper 

in section 5. 

2 Related Works 

Since manual annotation is labor intensive, researchers have sought automatic methods 

for OD/OC segmentation. A number of methods have been presented in the literature 

for automatic segmentation of OD and OC [9], which are recently followed by deep 

learning methods such as U-Net [6], M-Net [7], DE-Net [8]. 

Research in this area has primarily focused on segmentation of OD, using various 

techniques such as intensity gradient analysis, Hough transforms [10], template match-

ing, pixel feature classification [6], vessel geometry analysis, deformable models [3] 

and level sets [4,13]. Some OD segmentation techniques based on active contours [11, 

12] and morphological feature [12] are capable of producing reliable OD boundary. 
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However, their performance still depends on the initialization and the ability to identify 

weak edges of neuro retinal rim in fundus images.  

OC segmentation is more challenging because the depth information is not available 

in 2D retinal fundus images. As a result, OC boundary is ill defined and in-homogene-

ous which makes the segmentation more difficult. 

Previous OC detection techniques are based either on classifying pixels as part of 

the cup or rim (the disc area outside the cup) [2, 5] or on an analysis of sliding windows 

[1]. Other OC segmentation methods are based on level sets [13], super-pixels classifi-

cation [14] and sparse dictionary learning [16]. In another method [15], fusion of cup 

segmentations from multi-view fundus images was performed to improve the perfor-

mance. In some recent work, the presence of glaucoma in fundus images is predicted 

by classification using SVM [18] and deep feature learning [17], thereby bypassing the 

OD/OC segmentation. 

3 Proposed Method 

Our end-to-end glaucoma screening system is illustrated in Fig. 1. Each component of 

the framework is elaborated on in the following sections.  

 

 

Fig. 1. Illustration of our segmentation and classification framework, which mainly includes disc 

detector, CNN based OD/OC segmentation, and Glaucoma classifier. 

 

3.1 OD Detection 

OD detection is conducted automatically using CNN which has the almost same archi-

tecture as M-Net but it has differently prepared input images and changed the number 

of output channel to one. M-Net is a variation of U-Net and has introduced multi-label 

setting with polar transformation to 400 × 400 input images. In our method, 400 ×
400 entire fundus images are used as input after resizing from the original images and 

applying polar transformation to them. In addition, histogram matching technique is 

applied during the test. Then the contours of OD area are extracted to specify the center 
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of OD. By doing so, the position of OD is properly determined and that information is 

repeatedly used to decide how to preprocess the given fundus image. This helps for the 

performance of the other methods to be improved.  

 

3.2 OD/OC Segmentation 

OD segmentation is conducted automatically using a CNN which has similar architec-

ture to OD detection and trained with REFUGE Training 400 dataset from the scratch. 

In order to enhance the performance compared with M-Net, novel methods are used 

through the whole of training-test pipeline. The originality in our OD/OC segmentation 

method is as follows. 

 

A. Divide and Conquer  

We separate this task into OD segmentation out of the whole fundus image and OC 

segmentation out of the bounding box which is tightly cropped to contain whole of the 

segmented OD. They can be merged if necessary after both task is completed. 

M-Net is successful to avoid OD/OC class imbalance problem via multi-label set-

ting, but side effects are often observed such that OC is classified as OD and vice versa. 

This makes the accurate segmentation still difficult to achieve. Similarly, multi-label 

loss function can cause relatively biased optimization result to one of OD and OC de-

pending on the weight setting. 

To tackle these issues, we introduce divide-and-conquer strategy to OD/OC segmen-

tation resulting in relatively two easy tasks. Predefined OD detector is used to specify 

the center of OD as described in section 3.1 and then each 480 × 480 image is prepared 

where the OD is located at the center of the crop and the polar transformation is applied 

to the cropped image. This decently prepared image is used as input to the OD detection 

CNN to produce refined OD segmentation. Thanks to the well- prepared input, the re-

sult of OD segmentation outperforms M-Net under the REFUGE validation dataset.  

Second, OC segmentation is conducted out of the bounding box which is tightly 

cropped to contain whole of the detected OD as mentioned. As most of the time the 

bounding box is not a square, is resized to 320 × 320. Polar transformation is not ap-

plied in this case because OC is probably not placed right in the middle of the bounding 

box tightly-cropped on OC and sometimes OC can span most of the area in the square 

after polar transformation applied if CDR is rather large. In this setting, the region of 

interest (ROI) to conduct OC segmentation is drastically decreased and the task is just 

a single-labeled problem, thus false positives are decreased accordingly. Finally, the 

resulting OD mask and OC mask are merged to complete OD/OC segmentation.  

 

B. Pre-processing 

The quality and characteristic vary depending on the vendor of the camera. For in-

stance, the REFUGE Training 400 and REFUGE Validation 400 dataset used in this 

paper are taken by Zeiss camera and Canon camera for each. This can increase the 

variance between training dataset and test dataset which may result in lower perfor-

mance. To overcome this problem, histogram matching technique is applied during 

testing. The average of the histogram in the training dataset as a template was generated 



5 

and validation dataset was matched to it as shown in the Fig.2. Also, although the res-

olution of the training set and the validation set are different, the size of the ROI crop 

was adjusted to be consistent with the overall image size. 

 

 
Fig. 2.  A sample image of the REFUGE validation dataset was matched to the average histo-

gram template of the REFUGE training dataset. 

 

C. Post-processing 

The following post-processing is applied to improve performance for the binary-color 

mask image obtained from OD segmentation and OC segmentation each. Assuming 

OD and OC are in the form of elliptic curve, the largest connected area is chosen in the 

mask and the ellipse fitting is used so as to make a result in final segmentation. Through 

this method, partially inaccurate predictions occurred during segmentation are cor-

rected. 

  

D. Data augmentation 

During training of OD segmentation CNN, random horizontal shifting and random hor-

izontal flip are applied to the polar transformed images in order to delay over-fitting. In 

case of OC segmentation CNN, horizontal flip and rotation by 90°, 180° and 270° are 

applied to delay over-fitting while polar transformation is not applied. 

 

3.3 Glaucoma Classification 

Well-known ResNet50 is separately trained and used to screen glaucoma combined 

with OD/OC segmentation CNN. To keep consistency with the image preparation 

method described above, there are some augmentations in the network architecture in 

that the size of the input is increased to 600 × 600 and the final output class is adjusted 

to be either glaucoma or non-glaucoma. This network is fine-tuned with REFUGE 

Training 400 from the model pre-trained with Image-Net except for fc layer. Although 

the resolution of the training set and the validation set are different, the size of the ROI 

crop was adjusted to be consistent with the overall image size. The originality of our 

methods are as follows.   

 

A. Pre-processing 
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As mentioned above, RNFLD can appear in a fine pattern, thus scaling down input 

image can cause all of the features to disappear or to be hardly observed. For that rea-

son, it is helpful to increase performance that high-resolution images are fed as input of 

the network. It is, however, very expensive to conduct convolutional operations to a 

high-resolution image. Therefore, our method first conducts finding the key part of the 

image and next cropping them to make an ROI which should be fed as an input to the 

network. To find ROI from the whole fundus image, pre-trained OD detector is used to 

specify the center of OD as described in Section 3.1. To make RNFLD well included 

in the receptive fields of the network, the entire fundus image is rotated by 45° clock-

wise. To locate the OD in the upper left corner of the image, it is cropped by 600 ×  

600 size image. Also, as mentioned in Section 3.2.B, histogram matching is applied 

during the test to compensate image variance per camera vendor.  

 

B. Data augmentation 

Glaucoma data accounts for only 10% of total data REFUGE Training 400. Therefore 

data augmentation is conducted to avoid possible problems caused from the class im-

balance. When an ROI is created in the pre-processing phase, the glaucoma entire fun-

dus images rotate at 40° or 50°  as well as 45°. Horizontal flipping or vertical flipping 

is not used and instead only used is flipping perpendicular to the line from the upper 

left corner to the lower right corner to keep the position where OD and RNFLD can 

appear in the tightly arranged regions. 

4 Experiments 

4.1 Dataset 

In this paper, M-Net is trained with REFUGE Training 400 dataset from the scratch 

while M-Net is trained with ORIGA dataset. REFUGE dataset consists of 1200 color 

fundus images, and training, validation, and test set, each of it includes 400 color fundus 

images. Training set include additionally OD and OC mask images. Glaucoma images 

account for 10% for each set. As training set is taken by Zeiss camera and set of vali-

dation and test are taken by Canon camera, quality and characteristic of images have 

significant differences. In this paper, experiments has been done using REFUGE da-

taset: Training 400 for training Validation 400 for validation.  

 

4.2 Segmentation 

To evaluate segmentation performance, dice coefficients of each OD and OC, and mean 

absolute error of vertical CDR of OD and OC are calculated. Proposed method en-

hances 0.16 of OC dice coefficient and 0.05 of OD dice coefficient compared to M-Net 

implementation.  
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Table 2. Segmentation performance 

Performance M-Net Proposed method 

OC Dice coefficient 0.69543592182 0.856473323 

OD Dice coefficient 0.893317627973 0.942646310 

MAE CDR 0.062101458873 0.050673643 

   

4.3 Classification 

AUC and sensitivity are calculated to evaluate classification performance according to 

convention of the REFUGE 2018 glaucoma challenge. Through the proposed method, 

AUC and sensitivity are 0.963680556 and 0.9 respectively. The ensemble classifier’s 

performance is still in the process of validation using REFUGE 2018 system and it is 

expected to show better performances. 

5 Conclusion 

In this paper, we have proposed an end-to-end glaucoma screening system with its com-

ponent-wise methods. It consists of a high-performance OD/OC segmentation CNN 

which is based on M-net, but composes a novel pipeline with divide-and-conquer and 

ensemble methods and a glaucoma detector with a higher accuracy, which is built by 

combining a separately trained CNN and the OD/OC segmentation CNN.  

Our methods have achieved a good performance using only REFUGE dataset. It will 

be a next step for us to measure performance using as many available datasets as pos-

sible including ORIGA dataset which is very popular for glaucoma screening. Better 

performance and more clear comparison to state of the arts can be achieved.  
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