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Abstract- High pace rise in Glaucoma, an irreversible eye 

disease that deteriorates vision capacity of human has alarmed 

academia-industries to develop a novel and robust Computer 

Aided Diagnosis (CAD) system for early Glaucomatic eye 

detection. The main root cause for glaucoma growth depends on 

its structural alterations in the retina and is very much essential 

for ophthalmologists to identify it at an initial period to stop its 

progression. Fundoscopy is among one of the biomedical 

imaging techniques to analyze the internal structure of retina.  

Recently, numerous efforts have been made to exploit Spatial-

Temporal features including morphological values of Optical 

Disk (OD), Optical Cup (OC), Neuro-Retinal Rim (NRR) etc to 

perform Glaucoma detection in fundus images. Here, some issues 

like: suitable pre-processing, precise Region of Interest 

segmentation, post-segmentation and lack of generalized 

threshold limits efficacy of the major existing approaches. 

Furthermore, the optimal segmentation of OD and OC, nerves 

removal from OD or OC is often tedious and demands more 

efficient solution. However, these approaches cumulatively turn 

out to be computationally complex and time-consuming. As 

potential alternative, deep learning techniques have gained wide-

spread attention, especially for image analysis or vision 

technologies. With this motive, in this paper, the authors 

proposed a novel Convolutional Stacked Auto-Encoder (CSAE) 

assisted Deep Learning Model for Glaucoma Detection and 

Classification model named GlaucoNet. Unlike classical 

methods, GlaucoNet applies Stacked Auto-Encoder by using 

hierarchical CNN structure to perform deep feature extraction 

and learning. By adapting complex data nature, and large 

features, GlaucoNet was designed with three layers: 

convolutional layer (CONV), Max-pool layer (MP) and two Fully 

Connected (FC) layers where the first performs feature 

extraction and learning, while second exhibits feature selection 

followed by the reduction of spatial resolution of the individual 

feature map to avoid large number of parameters and 

computational complexities. To avoid saturation problem in this 

work, by marking an applied dropout as 0.5. MATLAB based 

simulation-results with DRISHTI-GS and DRION-DB datasets 

affirmed that the proposed GlaucoNet model outperforms as 

compared to other state-of-art techniques: neural network based 

approaches in terms of accuracy, recall, precision, F-Measure 

and balanced accuracy. The overall parametric measured values 

shown better performance for  GlaucoNet model.  
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I. INTRODUCTION 

The exponential rise in technologies has broadened the 

horizon for different applications or systems to make human 

life more efficient, productive and quick decisive. Amongst 

the major innovations, healthcare sector is the one 

demanding more attention to make diagnosis more efficient 

and precise. In the last few years, Computer Aided 

Diagnosis (CAD) systems have gained worldwide attention 

across academia-industries to develop more efficient 

solution; however increase in complexities, symptoms 

variations, and other key factors such as localized disease 

traits, different demography etc confine efficiency of the 

major existing solutions. Considering an example, 

Glaucoma, which is a type of irreversible eye-disorder or 

disease, has emerged as one of the most dangerous eye 

disorder globally that damages optic nerve and degrades 

vision capacity. However, its growth patterns, size and 

shape has always been different for different locations or 

people. In other words, the morphological traits of Optical 

Cup (OC) and Optical Disc (OD) of a Chinese used to be 

different than the one from Algeria or Africa. In such case 

developing a universally applicable model becomes must for 

accurate or precise Glaucoma detection. Recent study 

revealed that Glaucoma is the most causative factor for 

blindness that might reach up to 20 million patients by or 

before 2020 [1]. In majority, Glaucoma often remains 

undetected for long time that makes it imperceptible across 

the early stages. Consequently, we term it as the “silent theft 

of sight”. In major cases of Glaucoma, a person doesn’t feel 

any pain or similar symptoms and therefore it can be 

detected only when it reaches to the advanced stage with 

more severe symptoms. As already stated, Glaucoma being 

an irreversible eye-damage disease affects the optical nerve 

responsible for accommodating information from the eye to 

the brain and causes blindness and ocular hypertension [2]. 

Unlike other eye diseases like Myopia or Cataracts, 

Glaucoma disrupts visio capacity completely and therefore 

there is the inevitable need to develop a robust CAD 

solution for precise and early Glaucoma detection and 

classification (for severity assessment).  

Typically, there are three dominant methods for 

Glaucoma detection; Intraocular Pressure (IOP) 

measurement, Function-Based Visual Field Test (FBVFT), 

and Optic Nerve Head (ONH) [4]. Though, IOP signifies a 

significant risk factor; it can’t be universally robust to detect 

Glaucoma for different stages with varied clinical-

measurement values [3]. On the other hand, FBVFT 

demands very specific 

perimetric and sophisticated 

tools which are costly and 
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commonly not available in major primary healthcare 

centers. ONH examination is an expedient approach to 

identify Glaucoma in its early stage, and is contemporarily 

performed by professional and skilled Glaucoma specialists 

[4]. Undeniably, manual ONH process is time consuming 

and even costly [4]. In major ONH methods different 

morphological or clinical parameters like Vertical Cup to 

Disc Ratio (CDR), Rim to Disc Area Ratio (RDR), NRR, 

and Disc Diameter are used to detect and characterize 

Glaucoma in the fundus images. CDR based methods have 

been extensively used where a larger CDR signifies higher 

Glaucoma-risk [3]. However, recent studies reveal that the 

morphological traits involved in these approaches vary over 

different demography and populations and hence detecting 

Glaucoma based on a static threshold can’t be the optimal 

solution. The sophisticated CAD systems for automatic 

Glaucoma detection involve Region of Interest (ROI) 

detection and segmentation, features extraction and 

classification. It uses measurement-based schemes to 

perform Glaucoma detection [5-9], where at first it localizes 

the ROI and then obtains features (clinical measurement 

values) in the fundus images. In such approaches, efficacy 

of the model depends mainly on the ROI segmentation 

accuracy. Towards these objectives, different efforts 

including super-pixel based classifier which functions in 

conjunction with the different visual features for OD, OC 

and CDR estimation has been recommended [7][10]. 

However, maintaining optimal accuracy under different 

spatial-temporal features of the human eye is intricate. 

Different complexities like the presence of nerves over the 

disk surfaces make segmentation difficult. Though, CDR 

and similar clinical measurements (i.e., RDR, NRR) based 

methods have been used extensively for Glaucoma 

detection; however inherent processes like pre-processing, 

segmentation, post-segmentation, the presence of 

morphological differences and nerves over the OD region 

make it more complex and computationally over-burdened 

[5]. In the last few years, Deep Learning (DL) methods have 

gained wide-spread attention towards image processing and 

analysis which has enabled it to be used for different target 

detection and classification problems [9][15]. To support 

existing morphological traits based approaches, authors 

developed a multi-label DL model to segment OD and OC 

region jointly that helped CDR estimation for Glaucoma 

detection in fundus images. However, its efficacy remains 

questionable for a global solution. 

Learning-based methods with learned classifiers have 

been found efficient for Glaucoma detection as these 

approaches have learnt over the minute features to make 

eventual decision [11-15]. In DL based schemes the 

extracted visual features provide more information 

possessing significant feature-representations than the 

classical clinical measurements based methods [3]. DL 

methods have exhibited better performance for generating 

significant and highly discriminative representations to 

support a large number of computer vision based 

applications [20], including medical image analysis [16-18]. 

Convolutional Neural Networks (CNNs) which is a well 

recognized and explored deep learning method learns 

hierarchical features from the input image to make retinal 

feature such as vessel detection [3][19][20], glaucoma 

detection [21][22], etc. However, these methods primarily 

relied on the OD limited contextual information available in 

the patch and overlooked the global information from the 

whole fundus image to make more accurate classification. 

Improper ROI segmentation and OD region cropping too 

impact overall Glaucoma detection accuracy [3]. CNN as 

learning technology possess robust learning ability due to its 

scaling, shifting, translation, manipulation and rotation of 

the inputs with extreme diversity and non-linearity 

characteristics, which makes it a suitable too for Glaucoma 

detection and classification purposes. Additionally, it is 

designed specifically to analyze and classify visual patterns 

directly from pixel images without indulging pre-processing 

and segmentation. It makes it computational efficient. 

Though, classical CNNs have performed well; however 

retrieving suitable feature maintaining computational 

efficacy has remained a challenge. To assist light weight 

deep leaning process, Auto-Encoder (AE) based approaches 

have been proposed; however its efficient implementation 

and architectural design towards the specific problem often 

needs better strategy. Considering, the efficacy of AE 

towards Glaucoma detection and classification, in this paper 

we have designed a novel Stacked Auto-Ender (SAE) based 

Glaucoma detection and classification system is developed. 

To further enhance the performance of SAE based model, in 

this research we applied CNN based SAE, here onwards 

called CAE. In this paper, we proposed Stacked Auto-

Encoder assisted Deep Learning Model for Glaucoma 

Detection and Classification (GlaucoNet). Our proposed 

SAE based GlaucoNet model constitutes a deep hierarchical 

structure to enable better and deep feature extraction so as to 

ensure better detection and classification. As structural 

design, our proposed model implements dual-stage SAE 

with two convolutional layers, max-pool and Fully 

Connected layers. In addition, we employed cascaded SAE 

with ReLU normalization, dropout (50%) to achieve 

computational efficacy. The overall MATLAB based 

simulation model is assessed with two benchmark datasets, 

DRION-DB and DRISHTI-GS. Performance assessment in 

terms of accuracy, precision, F-Measure, Recall etc have 

exhibited that the proposed model outperforms other state-

of-art techniques.   

The remaining sections of the presented manuscript are 

divided as follows: Section II discusses the related work, 

which is followed by the preliminaries and proposed 

methods in Section III. Section IV presents system 

implementation while the results obtained are discussed in 

Section V. Overall research conclusion and future scopes are 

discussed in Section VI. References used are mentioned at 

the end of the manuscript.   

II. RELATED WORK 

Yousefi, et. al., proposed a hierarchical model comprising 

clustering, glaucoma boundary and its progression detection 

to identify the glaucomatous visual field defect patterns and 

its progression. In [24], authors at first detected Retina 

Nerve Fiber Layer Defect (RNFLD) in fundus images using  
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patch features driven Recurrent Neural Network (RNN); 

however it could not address the other morphological 

variations like OD or OC . Şahi̇n, et. al., too focused 

onRNFL thickness detection using Optical Coherence 

Tomography (OCT) images for glaucoma detection. 

However, inclusions of the features like optical disk and 

optical cup morphology could have enabled better 

performance. The classical methods employ multi-phase 

mechanism where at first it performs ROI (optical cup, 

optical disk and blood vessels) detection followed by feature 

extraction and classification. Though, static threshold based 

method often gives inaccurate prediction over fundus 

images of different patients, authors suggested applying 

adaptive threshold based ROI detection (blood vessels), 

Gabor filter and Top-Hat transform based feature extraction, 

and Extreme Learning Machine (ELM) based classification 

to perform Glaucoma detection. However, ensuring optimal 

feature extraction and further classification remains an open 

research area. With this motive, authors applied inpainting 

concept to perform accurate ROI feature extraction by 

applying circular Hough transform. In authors exploited 

Hybrid Structural Features (HSF) as well as hybrid textural 

features (HTF) which were further processed using Support 

Vector Machine (SVM) classifier to classify fundus images 

as normal or Glaucomatic. Unlike conventional ROI 

detection, authors applied super-pixels algorithm for 

detecting damaged cup. In [28], authors applied Hough 

transformation to perform feature extraction from OD in the 

fundus image. A hybrid level-set algorithm based OD and 

OC detection was performed in to perform Glaucoma 

detection. Unlike thresholding based approaches, authors 

applied region growing concept to detect OD in retinal 

fundus images. To exploit multiple morphological features 

of the fundus images, authors extracted features like vertical 

CDR, Horizontal to Vertical CDR (H-V CDR), Cup to Disc 

Area Ratio (CDAR), and Rim to Disc Area Ratio (RDAR) 

to perform Glaucoma detection. CDR as ROI was also 

applied in to perform Glaucoma detection. However, in 

major CDR based approaches, authors didn’t consider 

segmentation error and its impact on classification accuracy. 

To alleviate it, authors introduced Polar transform assisted 

unsupervised algorithm for OC segmentation. Unlike above 

stated approaches where morphological trait and distance 

information is applied, authors applied polar coordinate 

information to detect ROI. Additionally, authors applied 

watershed transform for feature extraction from CDR and 

NRR. The extracted features from the CDR and NRR ROI 

were used as input to the SVM for two-class classification 

(i.e., glaucoma and non-glaucoma). In authors used simple 

linear iterative clustering (SLIC) for ROI detection, which 

was followed by feed-forward neural network based 

classification for Glaucoma detection and classification. 

Extracting CDR features authors [42], applied K-Mean 

clustering algorithm to perform Glaucoma detection.  

To enhance computation, authors recommended 

extracting a section of the eye sclera and estimated its 

percentage to detect Glaucoma in funds images. However, 

its performance can’t be generalized as the aforesaid trait 

might vary over one to another. In [36][37], a self assessed 

disc segmentation method was proposed for OD and OC 

segmentation [44], where deriving CDR values in the fundus 

image authors performed Glaucoma detection. However, the 

use of static CDR threshold for classification limits its 

generalization. Authors applied edge detection model using 

GVF Snake Active Contour. As preprocessing authors 

applied 2D median filter and Multi threshold methods. 

Researches [38-43] state that the majority of classical CDR 

based approaches suffer inaccuracy in prediction, especially 

in OC detection over the horizontally identified disk region 

that makes overall detection output suspicious. In [45], 

authors pre-processed input with filtering, green channel 

extraction and CLAHE implementation to achieve better 

CDR estimation. Further, they used active contour 

propagation based blood vessel segmentation to enhance 

CDR estimation accuracy [46][47]. In [48], authors 

estimated OD center using thresholding and distance 

transformation, which was then followed by the estimation 

of Eigenvector spaces of normal set and glaucoma using 

Principle Component Analysis (PCA) algorithm. Authors 

applied Bayes classifier. GLCM features were applied in 

[49], which was classified using Logistic Regression 

classifier to classify fundus-image as normal or 

Glaucomatic. Unlike morphology factors, authors applied 

color and texture features from the blood vessel to perform 

glaucoma detection. In Haralick texture features were 

obtained from fundus images which were later classified 

using K Nearest Neighbors (KNN) classifiers to perform 

glaucoma detection. To reduce segmentation and allied 

complexities, authors suggested deep learning method that 

exploits image-relevant information and classifies glaucoma 

from the fundus images. In [53], authors applied G-EyeNet a 

deep learning model comprising a deep CAE model to 

perform Glaucoma detection. In as well authors applied 

CNN to perform automated Glaucoma detection. A pre-

trained CNN based automatic target detection scheme was 

developed in [55]. Authors too proposed the detection of 

OD and OC by using deep learning and CNNs.  

III. PROPOSED SYSTEM 

To enable a robust and efficient automatic Glaucoma 

detection and classification model, in this paper, we have 

proposed a novel Stacked Auto-Encoder (SAE) assisted 

CNN model. It inherits the functional characteristics of the 

Convolutional Auto-Encoders to perform Glaucoma 

detection and classification. As contribution, the proposed 

SAE model embodies stacked SAE implementation along 

with hierarchical CNN, which makes it robust to perform 

optimal deep feature extraction, learning and classification. 

Unlike classical CNNs, GlaucoNet incorporates SAE 

structure which is a CAE model that extracts deep features 

sequentially and combines multiple features to make further 

classification. Structurally, it embodies 3 Convolutional 

layers (CONV) and 2 Fully Connected (FC) layers, where 

the CONV extracts the features and learns over it, while FC 

layers functions as the classification layer to perform two-

class classification, Glaucomatic and Non-Glaucomatic 

fundus images.  
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To avoid convergence and maintain low computational 

overhead, we applied dropout concept that in conjunction 

with ReLu Non-linearity and local response normalization 

enabled overall process computationally efficient and 

accurate. GlaucoNet has been examined for its detection and 

classification efficiency over two well known datasets, 

DRISHTI-GS and DRION-DB, where the performance is 

assessed in terms of accuracy, precision, recall, f-measure 

etc. The detailed discussion of the proposed model is given 

in the sub-sequent sections.   

A. Auto-Encoder(AE) 

AEs are a type of unsupervised learning model that 

considers an input 𝑥 ∈ 𝑅𝑑  to map it for deriving the latent 

representation ℎ ∈ 𝑅𝑑 ′
. It is achieved by using a 

deterministic function ℎ = 𝑓𝜃 = 𝜎 𝑊𝑥 + 𝑏  with 

parameters 𝜃 =  𝑊, 𝑏 , where 𝑊 and b state the weight and 

the bias values, respectively. In later phase, it executes 

reverse mapping of the function 𝑓 so as to reconstruct the 

input data and thus it obtains the reconstructed feature 

as 𝑦 = 𝑓𝜃 ′ ℎ = 𝜎 𝑊 ′ℎ + 𝑏′ . To perform encoding and 

decoding two parameters are typically conditioned to satisfy 

𝑊 ′ = 𝑊𝑇  by applying similar weights. All training patterns 

𝑥𝑖  are mapped distinctly onto its code ℎ𝑖  and allied 

reconstruction𝑦𝑖 , while the parameters are augmented by 

reducing certain suitable cost function over the training 

set 𝐷𝑛 =   𝑥0 , 𝑡0 ,… ,  𝑥𝑛 , 𝑡𝑛  . An AE learns the mapping 

without applying any additional constraints; however to 

achieve better accuracy over non-linear mapping patterns it 

requires methods like probabilistic Boltzman machine 

(RBM) or sparse coding, or sometime the de-noising AEs 

(DAs) to reconstruct input data under noise. Amongst these 

approaches DA performs better and hence we have applied 

it to constitute a hierarchical learning model. Generally, 

fundus images might have different spatio-temporal noises 

and therefore DA can reconstruct a clean input from a 

partially destroyed fundus images. Let, a fundus image 𝑥be 

corrupted (𝑥 )due to certain noise inclusion, then AE can be 

trained to de-noise the inputs by estimating the latent 

representation ℎ = 𝑓𝜃 ′ 𝑥  = 𝜎 𝑊𝑥 + 𝑏 and thus enables 

original image reconstruction output 𝑦 = 𝑓𝜃 ′ ℎ =

𝜎 𝑊 ′ℎ + 𝑏′ . In GlaucoNet, AE functions as Hierarchical 

Feature Extractor (HFE) that scales input fundus images to 

the high-dimensional features for further analysis and 

classification. To perform feature learning, Scale Conjugate 

Gradient Algorithm (SCGA) is applied. Relearning the 

features extracted from AE by sequentially forward-placed 

AE can help obtaining more vital and deep features for 

better classification accuracy. Considering it as motivation, 

we designed a robust SAE architecture for deep feature 

extraction and learning for Glaucoma classification. A 

snippet of the SAE model is given as follows:  

 

B. Stacked Auto-Encoder (SAE) 

Here, to design a SAE model, we stacked multiple AEs in 

cascade fashion that formed a deep hierarchical model. In 

this approach, each layer obtains its input from the latent 

representation of the previous layer. In GalucoNet as well, 

multiple layers of the AEs are connected in such manner 

that the output of each layer is connected to the input layer. 

In our proposed SAE model sparsity feature has been 

incorporated that reduces the reconstruction error swiftly. 

Let, SAE has 𝑛 layers with W(k,1), W(k,2), b(k,1), b(k,2), 

where W(k,1), W(k,2), b(k,1), b(k,2) be the weights and bias 

values for the 𝑘-th AE. In AE, encoding of the each layer in 

the forward order is given as (1-2).  

𝑎(𝑙) = 𝑓 𝑧(𝑙)  (1) 

𝑧(𝑙+1) = 𝑊(𝑙 ,1)𝑎(1) + 𝑏(𝑙+1) (2) 

On contrary, the decoding part of each layer employs 

reverse order functions as depicted in (3-4).  

𝑎(𝑛+𝑙) = 𝑓 𝑧(𝑛+𝑙)  (3) 

𝑧(𝑛+𝑙+1) = W(n−𝑙 ,2)a(n+𝑙) + b(n−𝑙+2) (4) 

Here, higher order features are extracted from the vector 

presentation of the input fundus images and significant 

information is stored in 𝑎(𝑛).It is further used to perform 

classification by feeding it to a Softmax classifier as a 

multiclass classifier (i.e., Glaucomatous or Non- 

Glaucomatous). In GlaucoNet, Softmax primarily maps the 

value of the input vector to a real value possessing 

redundant characteristics of the parameters. To achieve it, 

the first layer possessing the raw input of 

parametersW(1,1), W(1,2), b(1,1), b(1,2) is trained and thus the 

raw input is transformed to a vector comprising activation of 

the hidden units. In the later phase, the second layer AE is 

trained by estimating W(2,1), W(2,2), b(1,1), b(1,2). This 

process is continued repeatedly by applying the output of 

each layer as the input for the subsequent layer. Noticeably, 

in this paper we used two layers of the AE to form SAE 

design. During learning we applied learning method named 

Stochastic Gradient Descent (SGD) that tunes the 

parameters to achieve optimal results..  

Unlike conventional approaches where single AE is 

applied as solution, in our proposed GalucoNet model we 

have applied a hierarchical approach where obtaining the 2 

level SAE features, we have implemented a CNN deep 

learning approach that inherits the SAE extracted features 

and cascades its own extracted features to yield a combined 

feature set for further classification. The detailed discussion 

of CNN model is given as follows: 

C. Convolutional Neural Networks (CNN) 

In GlaucoNet, the encoded feature is given as input to the 

CNN that employs a sequence of layers including 

Convolutional Layers (CONV), Max-pooling or Pooling 

Layers, and Fully-Connected (FC) Layers to perform feature 

extraction and learning.  

I. Convolutional Layer (CONV) 

CONV can be stated as the combination of filters which 

are capable of extracting certain specific patterns or features 

from the input image. In our case, CONV extracts the 

features from the funds images which are obtained as the 

output. Each neuron in the extracted feature map shares 

similar set of weights (W) and bias (b) values to enable 

neurons in a feature map detecting the similar feature. 

Similarly, the other feature maps in CONV employ different 
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 sets of biases and weights to enable extraction of the 

different local features.  

II. Max-Pooling Layer 

Once retrieving the CONV features, CNN applies pooling 

layer that functions as feature selection layers where it 

sequentially minimizes the spatial resolution of each feature 

map. Additionally, it minimizes the number of parameters 

and computation required by using local averaging and a 

sub-sampling technique that eventually avoids the problem 

of over-fitting. In our proposed model, we applied native 

Max-pooling that helped retrieving translation-invariant 

representations s by down-sampling the significant latent 

representation from the fundus images using a constant 

component by considering the highest value over non-

overlapping segments or sub-regions. We applied Max-

pooling in such manner that it functions as an optimal filter 

to select important features for further classification. It was 

possible because the similarity between the features and the 

ROI (i.e., the input field) defines the activation of each 

neuron in the latent representation. Additionally, it considers 

sparsity over the hidden representation by removing all non-

maximal values in certain non overlapping sub-space and 

thus enhances feature detectors to avoid insignificant 

solutions. During reconstruction, the derived sparse latent 

code reduces number of filters to decode each pixel and 

hence makes it more suitable for Glaucoma detection and 

classification. Recalling SAE structure ad discussed in 

previous section, in GlaucoNet, SAE acts as initializing unit 

for CNN with similar topology before executing supervised 

training. Once obtaining the cumulative features, our model 

maps extracted and selected features to the Fully Connected 

layer.    

III. Fully-Connected Layer (FC) 

FC layers functions at the end of the CNN to perform 

high-level reasoning tasks or classification. It receives a set 

of neurons, also called feature vector from the preceding 

layer and maps it to all connected neurons to generate a one-

dimensional (feature) vector. It supports CNN to perform 

image analysis and classification easily. In GlaucoNet 

model we have performed classification by reducing an 

objective function. 

D. Convolutional Stacked Auto-Encoder (CSAE) 

Observing above stated details or the proposed method, it 

can be observed that the proposed GalucoNet model 

embodies strengths of both CAE as well as CNN and hence 

we rename it as Convolutional Stacked Auto-Encoder 

(CSAE). In our proposed CASE instead of using manually 

engineered convolution filter, we strengthen CNN to learn 

the optimal filter that reduces the reconstruction error 

significantly and hence achieves better accuracy. Since, in 

our proposed method, the optimal filters are applied as 

feature for CNN to perform training, it can be considered as 

a feature extraction tool.  Unlike classical FC configuration, 

AEs don’t emphasize on the 2D image structure and 

therefore when dealing with real-time applications such as at 

hand Glaucoma detection and classification there is the need 

for fine grained feature. Additionally, it demands each 

feature to be global or to be distributed across the visual 

field to make classification; however in Glaucoma detection, 

ROI can be confined to a specific location and hence 

detecting localized features is must. Therefore, as already 

discussed our proposed GalucoNet model with CSAE has 

been designed in such manner that it shares its weight 

parameters among all locations in the input fundus images 

and hence preserves spatial locality to make accurate 

detection and classification. In conjunction with the 

derivations done in the previous sub-section, for a mono-

channel fundus image or input x the latent representation of 

the i-th feature map is obtained by (5).  

ℎ𝑖 = 𝜎 𝑥 ∗ 𝑊𝑖 + 𝑏𝑖  (5) 

In (5) the parameter b signifies the bias value which is 

shared across the map, σ refers an activation function, while 

* representation the 2D convolution. In CSAE single bias 

per latent map is considered to enable each filter learning 

the features of whole fundus data. Additionally, it (i.e., a 

single bias per pixel) helps achieving significantly high 

degrees of freedom (DoF) and hence better feature learning 

for more accurate Glaucoma detection and classification. In 

our proposed CSAE model, reconstruction is performed 

using (6).  

𝑦 = 𝜎   ℎ𝑖 ∗ 𝑊 𝑖 + 𝑐

𝑘∈𝐻

  
(6) 

As depicted in (6), to reconstruct feature single bias c is 

applied for each input channel . Here, H signifies the set of 

latent feature maps , while W ̅ performs flipping over both 

dimensions of the weights. The 2D convolution in (5) and 

(6) is estimated by context. As stated, we applied an 

objective function which is reduced when learning to 

achieve optimal learning output. Here, we used Mean 

Squared Error (MSE) (8) as the objective function is to 

achieve better and accurate learning. Mathematically,  

𝑦 = 𝜎   ℎ𝑖 ∗ 𝑊 𝑖 + 𝑐

𝑘∈𝐻

  
(7) 

𝐸 𝜃 =
1

2𝑛
  𝑥𝑖 − 𝑦𝑖 

2

𝑛

𝑖=1

 
(8) 

 

Here, we have applied Scale Conjugate Gradient 

Algorithm to estimate the gradient of the error function. 

Mathematically, it is achieved by convolution as per (9).  

 

𝜕𝐸 𝜃 

𝜕𝑊𝑘
= 𝑥 ∗ 𝛿ℎ𝑘 + ℎ 𝑘 ∗ 𝛿𝑦 

(9) 

 

In (9), δh signifies the gradient of the hidden state while 

δy signifies the gradient (i.e., deltas) of the reconstruction 

and the weights are updated using stochastic SCGA 

algorithm.  

 

In addition to the above stated approaches; in this work an 

effort is made few enhancements in ReLu to deal with Non-

linearity, and local response normalization that makes 

overall computation efficient and robust to perform 

Glaucoma detection and classification.  
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E. ReLu Non-linearity and local response normalization 

Typically, to design a CNN with the neuron’s output f as 

the function of input parameter x two methods, 

f(x)=tanh(x) or f(x)=〖(1+e^(-x))〗^(-1) are considered. 

Considering training time with classical Gradient Descent 

(GD) algorithm, the saturating nonlinearities often used to 

be slower than the non-saturating nonlinearity 

f(x)=max(0;x). In major approaches before segmentation 

and feature extraction normalization is performed to avoid 

saturation. However, it imposes significantly large 

computational overheads. To avoid it, we applied ReLu 

especially to avoid input normalization. In GlaucoNet the 

neurons with nonlinearity are considered as the ReLu 

activation function that enables time-efficient training as 

compared to the classical tanh unit based approach. It has 

also been found that the nonlinearity in case of hyperbolic 

tangent functionsf(x)=|tanh(x)| is suitable with certain 

limited approaches applying contrast normalization followed 

by local average pooling. However, it suffers over-fitting 

over learning period. In such case the implementation of our 

proposed ReLu model and local response normalization 

achieves better performance and it can cope up with the 

accelerated ability to fit the training set efficiently. Thus, the 

augmented learning method enables GlaucoNet to be used 

even with the large number of input datasets. Functionally, 

when a part of training samples generate a positive input to a 

ReLu, it triggers learning in that neuron. Let 〖a^i〗_(x,y) 

be the neuron’s activity obtained using i-th kernel at 

location(x,y). Now, ReLu nonlinearity estimates the 

response-normalized activity 〖b^i〗_(x,y) using (10).  

𝑏𝑖
𝑥 ,𝑦 =

𝑎𝑖
𝑥 ,𝑦

 𝐾 + 𝛼   𝑎𝑖
𝑥 ,𝑦 

2min  𝑁−1,𝑖+𝑛
2  

𝑗−max  0,𝑖−𝑛
2  

 
𝛽

 
(10) 

In (10), the sum continues over n “adjacent” kernel maps 

at the same spatial position, while N signifies the total 

available kernels in that layer. Typically, the mapping or 

ordering of the kernel maps is random which is decided 

before executing training. Such kind of response 

normalization applies a type of lateral inhibition motivated 

by the specific type present in real neurons, thus constituting 

competition for big activities among the neurons outcomes 

estimated by the different kernels. In above equation the 

constant parameters k,n,α and β signify the hyper-

parameters which are usually estimated using a validation 

set. Here, in this paper we applied k = 2, n = 5, α=〖10〗^(-

4), and β=0.75. We used this normalization once executing 

the ReLu nonlinearity in layers.  

IV. RESULTS AND DISCUSSION 

Though, AEs based methods have been used for 

Glaucoma detection in the existing literatures, their 

performance especially in terms of accuracy, recall, 

Receiver Operating Characteristics (ROC), remained low. 

This could be primarily due to low feature extraction under 

fine-grained non-linear fundus image characteristics. 

Considering such limitations, in this paper Stacked Auto-

Encoder assisted CNN is designed for Glaucoma detection 

in fundus images. Unlike conventional Auto-Encoders the 

proposed Stacked Auto-Encoder based CNN concatenates 

multiple Auto-Encoders in series to constitute a deep 

hierarchy for feature extraction followed by entropy based 

classification. The proposed SAE comprises the encoder and 

the decoder paths, where each encoder path exhibits 

convolutional layer (CONV) with a distinct filter bank to 

generate a set of encoder feature maps. Noticeably, to 

achieve it we applied element-wise rectified-linear non-

linearity (ReLu) activation function. On the contrary, the 

decoder path employed CONV layer to generate the decoder 

feature map. Here, the skip connections transfer the 

subsequent feature map from encoder path and concatenate 

it to up-sampled decoder feature maps. Eventually, a 

classifier employs 2×2 CONV layer with sigmoid activation 

function as the pixel-wise classification to generate map for 

the Glaucoma presence. Furthermore, a new branch was 

extended from the saddle layer that functions as an implicit 

vector with average pooling. In the next step, it joins two FC 

layers so as to generate the Glaucoma classification 

likelihood. In fact this approach embeds the segmentation-

guided representation by means of the CONV filters on the 

decoder path. In this paper, the input images were resized to 

256×256 dimension while retaining the significant 

information for ROI localization and further classification. 

Noticeably, we used Binary Cross Entropy (BCE) as the loss 

function to perform classification. The employed loss 

function was integrated in a back-propagation manner using 

Stochastic Gradient Descent (SGD) or SCGA algorithms. 

Eventually, the CNN parameters were frozen, which was 

then followed by training of the FC layers using Glaucoma 

detection training data (here, DRISHTI dataset). Noticeably, 

we used training rate gamma as 0.0001, while the droprate 

was fixed at 0.5 (50%).  

A. Datasets 

Considering the fact that different benchmark datasets 

(i.e., fundus images) used to have the different spatio-

temporal features and therefore assessment of the proposed 

model with the different benchmarks (dataset) can give 

better performance visualization. With this motive, in this 

research two distinct datasets, DRION-DB and DRISTHI-

GS were taken into consideration. In case of the DRISHTI-

GS datasets a total of 100 fundus images were used for 

training, while a total of 50 images were used for testing or 

validation. Similarly, for DRION-DB datasets, a total of 110 

fundus images were used for training while, 50 images were 

used for testing. The considered fundus images were having 

different characteristics including lighting conditions, OD 

and OC position, nerve presence etc. Noticeably, the 

considered images wee encompassing both glaucomatous 

eyes images as well as normal images to assess efficacy of 

the proposed Glaucoma detection and classification system. 

The images were processed for 256×256 dimension before 

performing feature localization and allied feature extraction. 

Table I.a) presents a snippet of the Glaucoma fundus 

datasets and  Table 1.b   samples fundus images pertaining 

to DRION-DB and DRISHTI-GS datasets used in this 

research. The number of 

images used for both training 

and testing is given in Table 

II.  
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Performance Evaluation  

To examine performance efficiency of the proposed 

Stacked Auto-Encoder based Glaucoma detection and 

classification system different performance matrix such as 

true positive (TP), true negative (TN), false positive (FP) 

and false negative (FN) have been obtained. Further, these 

matrix values have been used to obtain Accuracy, Precision, 

F-Measure, Recall, Balanced Accuracy, ROC etc. Here, we 

considered Balanced Accuracy (BACC) as the average of 

sensitivity and specificity so as to accommodate data 

imbalance scenario (i.e., the number of positive and negative 

cases) in the testing data set. The ROC graph has been 

obtained to depict the two-dimensional representation with 

the Sensitivity (Y-axis) and Specificity (X-axis). The 

definitions of these performance variables are given in Table 

III.  

 

 

Table III Performance Parameters or Criteria 

 
The performance parameters and their respective values 

are given in Table IV.  

 

 
 

The graphical depiction of the performance by our 

proposed Glaucoma detection and classification system for 

DRISHTI-GS and DRION-DB datasets is given in Fig.  

 

 
Fig. 1 Performance analysis with DRISHTI-GS1 

dataset 

As stated above, to assess performance of the propose 

Glaucoma detection system, two distinct benchmark datasets 

DRISHTI-GS and DRION-DB have been considered. 

Considering diversity across the different datasets and allied 

complexity, the performance characterization for these two 

different data can depict better efficacy of the proposed 

model. Observing the results it can be found that the 

proposed Stacked Auto-Encoder assisted CNN model 

exhibits 98.2% of the accuracy with DRISHTI-GS dataset. 

Similarly, it has exhibited precision of 94.6% and F-

Measure of 97.9%. Interestingly, the recall performance has 

been obtained as 100 %. Similarly, it has exhibited 96.3% of 

accuracy with almost 94% of the precision and 94.1% F-

Measure. 
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Considering the probable imbalance issue during training 

and testing, we have estimated Balanced Accuracy (BACC). 

In this research we observed that the BACC values for 

DRISHTI-GS and DRION-DB datasets were 97.1% and 

93.4%, respectively. The Area under Curve (AUC) obtained 

with these datasets were 0.94 and 0.90 that signifies 

satisfactory performance over the state of art classical CDR, 

NRR and conventional CNN based approaches.  

 

 
Fig. 2 Performance analysis with DRION-DB dataset 

 

 
Fig.3 ROC performance for DRISHTI-GS dataset 

 

Observing the above stated results, it can be found that 

the proposed GlaucoNet model outperforms existing state-

of-art techniques. As illustration for qualitative assessment, 

a comparison chart for the different existing methods and 

approaches applied is given in Table V. 
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V. CONCLUSION 

In this paper a highly robust and enhanced Stacked Auto-

Encoder assisted CNN model has been developed for 

Glaucoma detection and classification in fundus images. 

Unlike conventional approaches where authors have applied 

pre-processing, segmentation, post segmentation, feature 

extraction, classification etc, the proposed system which is 

named as GlaucoNet avoids above stated processes and 

performs feature extraction using Stacked Auto-Encoder. 

The extracted features are pooled and later classified to 

perform two class classification, Glaucomatic image and 

normal image. Unlike classical Auto-Encoder, authors 

designed Stacked Auto-Encoder which extracts deep 

features and forms deep hierarchical convolutional network 

to perform Glaucoma detection and classification. This 

approach has enabled higher accuracy without incorporating 

more computational overheads. GlaucoNet model comprises 

three-convolutional layer, followed by Max-pooling and 

Fully-Connected layers, where the CONV layers use filters 

to extract high dimensional features in conjunctional with 

the ReLU activation function. The use of dropout (0.5) has 

avoided the issue of over-fitting which is common in major 

CNNs or machine learning approaches. The MATLAB 

based simulation has revealed that the proposed GlaucoNet 

model achieves classification accuracy of 98.2% and 96.3% 

for DRISHTI-GS and DRION-DB datasets, respectively. In 

addition, it has exhibited Balanced Accuracy (BACC) of 

97.1% and 93.4% for DRISHTI-GS and DRION-DB. AUC 

of 0.94 and 0.90 for the considered datasets affirms 

robustness and efficacy of the proposed Glaucoma detection 

and classification system.  
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