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Abstract— Convolutional neural network (CNN)-based 

methods have achieved state-of-the-art performance in 

glaucoma detection. Despite this, these methods are often 

criticized for offering no opportunity to understand how 

classification decisions are made. In this paper, we develop an 

innovative visualization strategy that allows the inherent image 

features contributing to glaucoma detection at different CNN 

layers to be understood. We also develop a set of interpretable 

notions to better comprehend the contributing image features 

involved in the disease detection process. Extensive experiments 

are conducted on publicly available glaucoma datasets. Results 

show that the optic cup is the most influential ocular component 

for glaucoma detection (overall Intersection over Union (IoU) 

score of 0.18), followed by the neuro-retinal rim (NR) with IoU 

score 0.17. With an overall IoU score of 0.16 vessels in the 

photograph also play a considerable role in the disease 

detection.   
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I. INTRODUCTION 

Glaucoma is an eye disease that affects more than 66 

million people worldwide and is the second leading cause of 

blindness [1, 2]. Color fundus photographs (CFPs) are widely 

used in clinical practice for the diagnosis of glaucoma. 

Manual assessment of CFPs is a time-consuming, tedious and 

highly subjective task [3]. Automated methods could help 

reduce costs and enable large-scale screening programs by 

providing quick and consistent predictions [4]. Early work on 

automated analysis of fundus images for glaucoma 

assessment mainly focused on segmenting the optic disc and 

cup using rule-based machine learning techniques [5, 6, 7, 8]. 

In recent years, there has been an increasing interest in 

applying deep learning-based techniques to the automated 

diagnosis of glaucoma [9, 10, 11]. Whilst CNN-based models 

have achieved state-of-the-art performance for glaucoma 

detection, they are often criticized for their “black box” 

nature; it is not apparent how they reach the predictions [12]. 

In this paper we develop a CNN visualization strategy so that 

the inherent image features contributing to the detection of 

glaucoma can be understood. We also develop a set of 

interpretable notions to better comprehend the visualizations.  

II. METHODOLOGY  

A. Training CNN model for Glaucoma Detection  

A VGG16 model [11] has been trained to perform 

glaucoma detection using cropped fundus images. The 

VGG16 architecture is chosen because of its simple 

sequential nature and reasonably high accuracy compared to 

more complex CNN architectures such as InceptionV3 [13], 

ResNet50 [13] and Xception [14] in glaucoma detection [11]. 

Transfer learning [13] has been used to fine-tune the weights 

of the model. Stochastic gradient descent with learning rate 

0.0001 and momentum 0.9 has been used as the optimizer, 

and binary cross-entropy has been used as the loss function 

during training [11]. 80% of the images are used for training 

and the remaining 20% are used for testing. 

B. Visualizing the CNN model’s features 

To gain an understanding of which image features are 
influencing the CNN’s predictions for glaucoma detection, we 
have adopted the visualization strategy proposed by Zeiler et 
al. in [15]. We attach a deconvolutional network (‘deconvnet’ 
for short) to each convnet block of the VGG16 architecture 
(Fig. 2). Unlike in [15], in this work the reconstructed feature 
maps produced by deconvnets are binarized using Otsu’s 
method [16]. 

C. Interpretable Notions to Summarize Inherent Image 

Features 

We have proposed a set of interpretable notions so that 

the information available in the feature maps can be 

summarized in an interpretable manner [17]. We have 

defined five interpretable notions representing five mutually 

exclusive ocular components: 1) vessels within the optic cup 

(OC), 2) vessels within the neuro-retinal rim (NR), 3) vessels 

outside of the optic disc (OD), 4) the optic cup (excluding 

vessels) and 5) the neuro-retinal rim (excluding vessels), as 

shown in Figure 1. 
 

 
Fig. 1. Illustration of our five ocular components. Top row: binary 

annotation masks of each ocular components for an image in the Drishti-GS 

dataset. Bottom row: binary masks applied to the image. 

We compute the structural similarity of the binarized 

deconvnet outputs with the five different ocular components 

using Intersection over Union (IoU) scores, as defined below. 



The IoU score for image X, feature f and component c is 

defined as: 

𝐼𝑜𝑈𝑋,𝑓,𝑐  =  
|𝐷𝑓(𝑋) ⋂ 𝑀𝑐(𝑋)|

|𝐷𝑓(𝑋) ⋃ 𝑀𝑐(𝑋)|
 , 

where 𝐷𝑓(𝑋) is the binarized deconvnet output of image X  

for filter f, and 𝑀𝑐(𝑋)  is the binary annotation mask of 

component c for image X (in 𝑀𝑐(𝑋), a pixel p is equal to 1 if 

p belongs to component c, and 0 otherwise). 

A semi-automated system was developed to generate the 

ocular component binary masks.  

III. EXPERIMENTAL ANALYSIS 

A. Dataset 

A total of 1817 fundus images from six publicly available 
datasets have been used in this study: ACRIMA [11], Drishti-
GS [18], HRF [19], RIM-ONE r2 [20], sjchoi86 HRF [21] and 
DRIONS-DB [22]. To remain consistent and in-line with 
other studies in the literature, all images are manually cropped 
to keep only the optic disc and its surrounding region [11]. 

B. Experiments and Results 

1) Reproducing state-of-the-art performance in 

glaucoma detection using VGG16 
Figure 2(a) shows the training and validation accuracy of 

the VGG16 model. We have obtained an accuracy of 93% 
with sensitivity and specificity of 92% and 94% respectively, 
which is consistent with the findings in the literature [11].  

2) Investigating the relative importance of the optic disc 

(OD) and surrounding region for glaucoma detection 
It is generally believed that glaucoma primarily affects the 

optic disc and its surrounding region [11]. This experiment has 
been conducted to determine the relative importance of the 
optic disc compared to its surrounding region for glaucoma 
detection. We have trained and validated the VGG16 model 
independently under two different scenarios. In the first case, 
we have used the cropped images without introducing any 
image pre-processing. In the second case, the images are pre-
processed to mask out the regions outside the optic disc. For 
case-I we have obtained an accuracy of 92.7% and for case-II 
we have obtained an accuracy of 91.2%. The area under the 
ROC curve (AUC) scores for case-I and case-II are 97.4% and 
96.5% respectively (see Figure 2(b)). 

 
Fig. 2. (a) Training and validation accuracy of VGG16 in glaucoma 

detection. (b) ROC curves showing the accuracy of VGG16 for two different 
cases. 

3) Visualizing CNN features 
In this experiment we aim to visualize the inherent image 

features that contribute to the CNN’s predictions at different 
layers, using the methods described in section II.B. Figure 3 
shows some sample deconvnet visualizations for filters that 
are found to exhibit greatest variability in activation strength.  

   
Fig. 3. Sample visualizations of inherent image features. The 1st, 2nd and 3rd 

rows show respectively the cropped fundus images, deconvnet outputs and 
binarized deconvnet outputs.  

 

4) Interpreting the Inherent Image Features 
The five mutually exclusive ocular components and the 

IoU score proposed in section II.C are used in this experiment 
to interpret the inherent image features generated by the 
methods of section II.B. For this experiment the images from 
the Drishti-GS dataset are used. Figure 4 shows the mean IoU 
scores in different layers. The relative importance of the 
components remains reasonably consistent across the different 
layers, with the optic cup (exc. vessels) and neuro-retinal rim 
(exc. vessels) showing the highest influence, followed by the 
vessels outside the optic disc, vessels in the optic cup and 
vessels in the neuro-retinal rim. These results confirm the 
hypothesis that most of the important information for 
detecting glaucoma is contained inside the optic disc.  

 
Fig. 4. Plot of mean IoU scores, aggregated by ocular components and 

layers. Only selected layers are shown. 

IV. DISCUSSIONS AND CONCLUSION 

In this study, we have investigated inherent image features 

in CNN-based glaucoma detection. We have adapted the 

visualization strategy of Zeiler et al. [15] for this specific 

context. Another alternative to Zeiler et al.’s method for CNN 

visualization could be the Grad-cam [23]. However, Zeiler et 

al.’s method offers greater opportunity to discover inherent 

image features and their progression within the CNN.    

Numerous experiments on publicly available glaucoma 

datasets show that with an IoU score of 0.18 (including both 

vessels and non-vessels), optic cup features contribute the 

most towards glaucoma detection. With an IoU score of 0.17 

(including both vessels and non-vessels) the neuro-retinal rim 

is the second most influential ocular component. The overall 

IoU score of 0.16 of the vessel components indicate that 

vasculature in the photograph also plays a considerable role. 
Future work could involve applying our method to a larger 

and more diverse set of images. 

(a) (b) 
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