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Abstract—The exponential rise in technologies has revitalized 

academia-industries to achieve more efficient computer aided 

diagnosis systems. It becomes inevitable especially for Glaucoma 

detection which has been increasing with vast pace globally. Most 

of the existing approaches employs morphological features like 

optical disk and optical cup information, optical cup to disk ratio 

etc; however enabling optimal detection of such traits has always 

been challenge for researchers. On the other hand, in the last few 

years deep learning methods have gained widespread attention 

due to its ability to exploit fine grained features of images to 

make optimal classification decision. However, reliance of such 

methods predominantly depends on the presence of deep features 

demanding suitable feature extraction method. To achieve it 

major existing approaches extracts full-image features that with 

high dimensional kernel generates gigantically huge features, 

making classification computationally overburdened. Therefore, 

retaining optimal balance between deep features and 

computational overhead is of utmost significance for glaucoma 

detection and classification. With this motive, in this paper a 

novel hybrid deep learning model has been developed for 

Glaucoma detection and classification. The proposed Hybrid 

CNN model embodies Stacked Auto-Encoder (SAE) with 

transferable learning model AlexNet that extracts high 

dimensional features to make further two-class classification. To 

achieve computational efficiency, In addition to the classical 

ReLu and dropout (50%), we used Principle Component Analysis 

(PCA) and Linear Discriminant Analysis (LDA) algorithms. We 

applied 10-fold cross validation assisted Support Vector Machine 

classifier to perform two-class classification; Glaucomatous and 

Normal fundus images. Simulation results affirmed that the 

proposed Hybrid deep learning model with LDA feature selection 

and SVM-Poly classification achieves the maximum accuracy of 

98.8%, precision 97.5%, recall 97.5% and F-Measure of 97.8%. 

 

Keywords: Glaucoma detection, Deep Learning, Transferable 

Convolutional Neural Network, GalucoNet+, Computer Aided 

Diagnosis System. 

I. INTRODUCTION 

The high pace rise in software computing technologies, 

vision technologies and hardware has benefitted different 

socio-economic stakeholders by facilitating time as well as 

cost-efficient decision making purposes. Amongst the major 

purposes, it has gained wide-spread attention to serve 

healthcare demands for efficient and productive CAD 

solutions. In the last few years Glaucoma disease has 

surfaced as one of the most causative factors damaging 
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human vision [1]. Glaucoma is a type of irreversible eye-

disorder that damages optic nerve and degrades vision 

capacity [1]. In fact, it has been identified as the most 

causative factor for blindness, which might reach around 20 

million people by or before 2020 [1]. Typically, it remains 

undetected for long time and therefore remains undetected in 

its early stages [3]. Due to such reason, it is also called as the 

“silent theft of sight”. In major Glaucoma cases, a person 

doesn’t feel any pain or symptoms and therefore its detection 

becomes possible only when it reaches to the advanced stage. 

Glaucoma being an irreversible eye-disease affects the 

optical nerve which is responsible for accommodating 

information from the eye to the brain causes blindness and 

ocular hypertension [2]. In general, there are three dominant 

methods practiced for Glaucoma detection [4]; Intraocular 

Pressure (IOP) measurement, Function-Based Visual Field 

Test (FBVFT), and Optic Nerve Head (ONH). Though, IOP 

states a significant risk factor it can’t be universally robust to 

detect Glaucoma for different stages with varied clinical-

measurement values [4]. Similarly, FBVFT requires specific 

peri-metric and sophisticated tools which are costly and 

commonly not available in major primary healthcare centers. 

ONH examination is an expedient paradigm to identify 

Glaucoma in its early stage, and is contemporarily performed 

by professional and skilled Glaucoma specialists [5-7]. 

However, it is time consuming, costly and sometime 

inaccurate [7]. Functionally, it employs varied morphological 

parameters like Vertical Cup to Disc Ratio (CDR) [8], Rim 

to Disc Area Ratio (RDR), NRR, and Disc Diameter [9] to 

detect Glaucoma in the retinal fundus images. CDR methods 

have been extensively used where a larger CDR signifies 

higher Glaucoma-risk [4]. Noticeably, these clinical 

parameters are the region of interest which are assessed to 

signify any presence of Glaucomatic feature in retinal fundus 

images. Functionally, a CAD solution for automatic 

Glaucoma detection comprises ROI detection, segmentation, 

features extraction and classification [10]. To detect 

Glaucoma it employs measurement-based approach [10-14], 

where at first it localizes ROI and extracts allied features 

(clinical measurement values). To achieve optimal CAD 

solution for Glaucoma detection accurate ROI segmentation 

is must. To achieve it, different methods like super-pixel 

based classifier in conjunction with the different visual 

features like OD, OC and CDR etc have been applied 

[12][15]. However, maintaining optimal accuracy under 

different spatio-temporal features of the human eye is 

difficult. Complexities like the presence of nerves over the  
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disk surfaces make segmentation difficult. Though, above 

stated clinical measurements have been used extensively for 

Glaucoma detection, the processes like pre-processing, 

segmentation, post-segmentation, the presence of 

morphological differences and nerves over OD etc make it 

computationally complex.  

In last few years, Deep Learning (DL) technique has 

emerged as a potential approach to perform target detection 

and classification without imposing computational 

overheads.  Considering Glaucoma detection as purpose, 

authors [14] applied a multi-label DL concept to segment OD 

and OC region based on which CDR was obtained to be used 

for verification. Learning-based methods with learned 

classifiers have performed better by exploiting different 

visual features from the fundus image to assist automatic 

Glaucoma detection and classification [16-20]. In 

comparison to the classical clinical measurements, deep 

learning methods extracts extracted visual features that 

provides more goal-centric information to make optimal 

decision [4]. In fact, DL methods have exhibited better 

performance to generate significant and highly discriminative 

representations for varied computer vision based applications 

[20], including CAD and medical image analysis [21-23]. 

Convolutional Neural Networks (CNNs) possess robust 

learning ability due to its scaling, shifting, translation, 

manipulation and rotation of the inputs with extreme 

diversity and non-linearity. In addition, it is designed 

specifically to analyse and classify visual patterns directly 

from pixel images without imposing pre-processing and 

segmentation tasks. CNNs have been examined for it 

efficacy for retinal vessel detection [4][24][25], Glaucoma 

detection [26][27], etc. Though, a few DL methods have 

been developed for Glaucoma detection and classification, 

majority of the works either employed clinical measurements 

as feature for classification or conventional CNN models. 

However, the questions whether the extracted features were 

sufficient to make self-sufficient and automatic Glaucoma 

detection and classification remained a question. The 

classical CNN models apply low dimensional features to 

perform detection; on contrary literature reveal that the high 

dimensional features can provide more accurate and reliable 

performance. However, extracting deep features require more 

computational efficiency. Thus, maintaining an optimal 

balance between deep features and computational efficiency 

can enable a robust and efficient solution for Glaucoma 

detection and classification. Considering it as motivation, in 

this paper the focus is made on developing a novel and 

robust Hybrid deep learning model by employing Stacked 

Auto Encoder (SAE) and transferable CNN model named 

AlexNet. Once performing standard pre-processing 

functions over the input fundus images, we have executed 

the proposed dual phase feature extraction method where at 

first SAE extracts the key features, which is followed by 

AlexNet based feature extraction. Thus, obtaining the both 

deep learning features, it has been fused to yield a single 

feature set, which is later processed for feature selection 

using Principle Component Analysis (PCA) and Linear 

Discriminant Analysis (LDA). Noticeably, the prime 

objective of applying PCA and LDA is select only 

significant features by reducing redundant or low-significant 

features so as to achieve computational efficiency. 

Obtaining the optimal feature set, our proposed method 

applies SVM with 10-fold cross validation to perform two-

class classification (i.e., Glaucoma or Non-Glaucoma). The 

overall proposed system has been implemented using 

MATLAB 2018a. To assess performance confusion metrics 

has been obtained that retrieves performance in terms of 

accuracy, precision, recall, and F-Measure. The performance 

comparison reveals that the proposed method outperforms 

existing approaches while assuring optimal trade-off 

between performance and computational overheads.    

 The remaining sections of the presented manuscript are 

divided as follows: Section II discusses the related work, 

which is followed by research questions in Section III. 

Section IV discusses the problem formulation and 

implementation in Section IV. 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  

Authors [28] designed a hierarchical method by using 

clustering, morphological traits identification to perform 

Glaucomatous visual field defect patterns identification. 

Authors [29] designed Retina Nerve Fiber Layer Defect 

(RNFLD) detection model by applying patch features driven 

recurrent neural network (RNN). In [30] authors focused on 

detecting the RNFL thickness using Optical Coherence 

Tomography (OCT) images for glaucoma detection. With 

goal to reduce static threshold based detection complexities 

and limitation, authors [31] proposed adaptive threshold 

based blood vessel detection model where they applied 

Gabor filter and Top-Hat transform [32] for feature 

extraction, followed by Extreme Learning Machine (ELM) 

algorithm for classification. Realizing the need of multiple-

feature sets, authors [33] applied both structural as well as 

textural features; Structural Features (HSF) and Hybrid 

Textural Features (HTF). They applied SVM as machine 

learning classifier for two-class classification. 

Spatiotemporal features like OD, OC and its curve variations 

were used in [34] for glaucoma prediction. Authors [34] 

applied Hough transformation to extract features of the 

detected OD. Realizing the fact that the spatio-temporal 

features of human eye can vary, authors [35] exploited 

multiple morphological features including CDR [37], 

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

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

Neuro-Retinal Rim (NRR) to perform Glaucoma detection. 

In major CDR based approaches, authors didn’t consider 

segmentation error that could have decisive impact on 

accuracy. To alleviate it, authors [38] introduced Polar 

transform based unsupervised algorithm for automatic OC 

segmentation. Obtaining morphological features (i.e., CDR 

and NRR), authors [39] used watershed transformation 

algorithm to detect Glaucoma. They used adaptive threshold 

based method for CDR and NRR segmentation. The 

extracted features from the CDR and NRR were used as 

input for SVM based two-class classification. Authors [40]  
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used CDR features obtained through super-pixels clustering 

algorithm, simple linear iterative clustering (SLIC) and a  

feed-forward neural network classifier to perform two-class 

classification. To reduce computational overheads, authors 

[41] extracted only a part of the eye sclera and estimated its 

percentage to perform Glaucoma detection. However, its 

performance can’t be generalized as the aforesaid trait might 

vary over one to another person. Authors [42][43] developed 

a self assessed OC and OD segmentation scheme to further 

derive CDR for static threshold based glaucoma detection. 

However, applying static threshold for classification and 

generalization seems biased [56]. Once, obtaining features 

authors [42] applied edge detection method with GVF Snake 

Active Contour for Glaucoma detection. Unfortunately, 

majority of the classical CDR methods show inaccurate 

performance, especially during cup detection over the 

horizontally identified disk region [44-47][48-50]. Authors 

[51] focused on applying adaptive threshold based methods 

and green channel extraction concepts to perform Glaucoma 

detection and classification. In [52], authors used active 

contour propagation based blood vessel segmentation to 

enhance CDR estimation accuracy [52][53]. In [54], authors 

estimated OD center using thresholding and distance 

transformation technique, which was then followed by the 

estimation of Eigenvector spaces of normal set and glaucoma 

using PCA algorithm. As classifier, authors [54] applied 

different algorithms like Bayes classifiers [54], K-NN [50], 

logistic regression [55]. Authors [55] applied GLCM with 

linear transformation technique to perform Glaucoma 

detection.  

In [57] too Haralick Texture Features were obtained from 

the digital fundus images which were later classified using K 

Nearest Neighbor (KNN) algorithm for Glaucoma detection 

and classification. Authors in [58] emphasized on 

minimizing the segmentation complexity. To achieve it, they 

recommended deep learning methods with ability to exploit 

image-relevant information to make Glaucoma classification. 

In [59] multi-model network known as G-EyeNet was 

developed that comprised a deep convolutional auto-encoder 

(CAE) to perform Glaucoma detection. Authors [60] applied 

CNN for automatic Glaucoma detection and found it suitable 

for target detection purposes [61] [62]. To enhance accuracy 

cross-validation concept was suggested in [63].  

III. RESEARCH QUESTIONS 

 The overall research intends to find out the optimal 

answers for the following: 

RQ1: Can the use of CNN be a potential and reliable 

solution for Glaucoma detection and classification? 

RQ1: Can SAE extracted features with a transferable 

CNN model like AlexNet be a robust architecture for deep-

feature extraction and classification? 

RQ1: Can the use of high dimensional features be 

significant to perform Glaucoma detection and 

classification? 

RQ1: Unlike conventional dropout based method, can the 

use of PCA and LDA algorithms be effective to retain 

significant deep features for glaucoma detection and 

classification? 

RQ1: Can the use of N-fold cross validation with SVM be 

efficient for glaucoma detection and classification?  

IV. PROBLEM FORMULATION  

Although, CNN methods have gained wide-spread 

attention for image analysis and classification purposes, 

however retaining maximum possible deep features and 

maintaining optimal computational efficiency has always 

been the challenge. On the other hand, only applying 

morphological or clinical measurement as decision 

parameters can’t guarantee accuracy of the Glaucoma 

detection. Considering these facts, designing a robust and 

computationally efficient deep learning model by inheriting 

deep features to be processed under enhanced learning 

environment can achieve better CAD solution towards 

Glaucoma diagnosis. Considering it as motive, in this paper a 

multi-phased optimization concept it developed which 

exploits efficiency of enhanced pre-processing, SAE-CNN 

and a transferable deep learning concept (AlexNet) to extract 

most significant and deep features from fundus images for 

Glaucoma detection and classification. Realizing the fact that 

the inclusion of two deep learning models and allied features, 

especially 4096 dimensional AlexNet features, in this 

research different feature selection methods have been 

applied that retains only the vital features to make optimal 

classification. Noticeably, the extraction methods, SAE 

CNN and AlexNet CNN are applied in parallel that obtains 

features distinctly. Noticeably, SAE-CNN extracts low 

dimensional features (256 kernels), while AlexNet CNN 

extracts high dimensional features at FC6 and FC7, i.e., 

4096 dimensional features to perform glaucoma detection 

and classification. The features extracted by Convolutional 

Stacked Auto-Encoder and (SAE) AlexNet CNN are 

concatenated together to obtain a cumulative feature vectors 

which is projected as input to the SVM for two-class 

classification. Observing above stated feature extraction 

method, it can be found that the dual phased features 

extraction might impose significantly huge computational 

overheads and give rise to large feature set. To alleviate 

such computational overheads in this paper we have 

implemented PCA and LDA based feature selection and/or 

dimensional reduction methods that retain only significant 

features to perform two-class classification. As a 

classification system, in this paper we have applied SVM 

with 10-fold cross validation. Considering non-linearity of 

the feature patterns we have applied SVM with different 

(linear, polynomial and radial basis function) kernel 

functions for two-class classification. Considering diversity 

of data and real-time relevance we have considered 

DRISHTI-GS and DRION-DB fundus datasets.    

 The detailed discussion of the proposed GlaucoNet+ 

model is given in the sub-sequent sections. 

V. SYSTEM MODEL    

 The overall proposed system has been accomplished in 

the following phases (Fig. 1). 

1. Data Acquisition and Preparation,  

2. Preprocessing,  

3. Dual-Phased SAE CNN and AlexNet CNN assisted  
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Feature Extraction and learning,  

4. PCA/LDA based Feature Selection, and  

5. Two-class classification using SVM with N-Fold 

Cross validation. 

A. Datasets Acquisition and Preparation 

Realizing the fact that the 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 work two different fundus image datasets named 

DRISHTI-GS and DRION-DB have been considered. 

DRISHTI-GS fundus datasets comprises a total of 100 

fundus images having different spatio-temporal features. 

Similarly, DRION-DB dataset comprised 110 fundus 

images. Undeniably, the considered fundus images were 

having different spatio-temporal constructs such as lighting 

conditions, OD and OC position, morphological conditions, 

nerve presence etc. The considered datasets comprised 

images of both types, fundus images with glaucoma and 

without glaucoma or normal fundus images. As standard 

pro-processing, the input images were at first converted into 

RGB to gray which was processed further for image resizing 

which was done for the         dimension before 

performing feature extraction. 

 

(Fundus Images)

Pre-processing

f1 f2

(Concatination F= [f1 f2]

Linear Polynmial RBF

Performance Analysis

Feature Extraction

Feature Fusion

Data Acquisition 

Feature Selection

SVM with N-Fold Cross Validation

PCA LDA

SAE CNN AlexNet CNN

Fig 1 GlaucoNet+ implementation 

 

 Table I presents a snippet of the Glaucoma fundus 

datasets used in this research.  

B. Preprocessing  

Undeniably, the quality of data has a greater impact on 

the classification accuracy and efficiency. To ensure that the 

data is suitable for processing, the pre-processing technique 

is performed. In this system the preprocessing model helps 

in obtaining precise nuclei and achieves better identification 

and characterization. In Glaucoma detection the glaucoma 

size should be identified carefully. The pre-processing 

technique ensures that the suppression of the original image 

is needed to identify important texture and other features. In 

this model the pre-processing approach is done before 

executing feature extraction. During the pre-processing of 

images the RGB images are converted into grey color, 

followed by intensity equalization that alleviates the issues 

caused due to different illuminations and lighting 

conditions. To retain optima computational efficacy the 

input fundus images were resized to 256×256 dimensions. 

Once performing pre-processing the processed images were 

fed as input to the proposed dual phased feature extraction 

model, where two distinct algorithms Stacked Convolutional 

Auto-Encoders and AlexNet CNN were applied individually 

to perform feature extraction.  

 

Table I Samples of the different Fundus images 

DRION-DB DRISHTI-GS 
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*These are some of the samples fundus images 

pertaining to DRION-DB and DRISHTI-GS datasets 

C. Dual-Phased SAE and AlexNet CNN assisted 

Feature Extraction and learning 

 In this phase we have applied dual phased feature 

extraction, where at first Auto-Encoder assisted CNN model 

has been applied that extract deep features which is then 

projected as input to AlexNet CNN that extracts high 

dimensional features to be further classified. The approaches 

applied are: 

1. Stacked Auto-Encoder (SAE) based feature 

extraction, and  

2. AlexNet CNN based high dimensional feature 

extraction. 

 The detailed discussion of the proposed feature 

extraction model is given in the sub-sequent sections.   

a). Stacked Auto-Encoder based Feature Extraction  

 This section briefs a snippet of Auto-Encoder CNN 

based feature extraction. Before discussing Auto-Encoder 

CNN a brief of Auto-Encoder is given as follows:  

 Auto-Encoders signify a kind of unsupervised learning 

approach that uses an input      to map it to obtain the 

latent representation     
. In general, it is accomplished 

by using deterministic function       (    ) that in 

conjunction with functions   *   + with   as the weight 

and  as the bias values. In the subsequent phase, Auto-

Encoder performs reverse mapping of the function   to 

reconstruct the input and retrieves the reconstructed 

feature     ( )   (      ). To perform encoding of 

the input, and respective decoding (of the mapped latent 

representation of the encoded data), the two parameters are 

conditioned to satisfy       by using same weights. The 

input patterns, say training patterns    are mapped distinctly 

onto its code    that gives rise to the reconstruction   , while 

the parameters are optimized by minimizing a cost function 

over the training set    *(     )   (     )+. Our 

proposed Auto-Encoder learns the identity mapping without 

using any additional constraints. To achieve better accuracy 

over non-linear mapping patterns we have applied de-

noising auto-encoders (DAs) that reconstructs optimal input 

fundus image data even under spatio-temporal noise and 

data corruption conditions. Let  ̅ be the corrupted or noised 

data of the input  . Our proposed Auto-Encoder is executed 

to de-noise the inputs by estimating the latent representation 

     ( ̅)   (  ̅   ) that eventually helps retrieving 

original image or reconstructed image     ( )  

 (      ). In our proposed method DA forms a 

hierarchical learning scheme. The proposed approach 

behaves as a Hierarchical Feature Extractor (HFE) that 

scales input fundus images to the high-dimensional features 

for further processing. Our proposed Auto-Encoder model 

learns non-trivial features using Scale Conjugate Gradient 

Algorithm (SCGA) to obtain significant CNN initialization. 

It helps avoiding key problem like Local Minima (LM), 

which is a common issue in major Deep Learning (DL) 

models. To achieve better performance, the extracted feature 

from Auto-Encoder has been relearned by means of SAE 

architecture. Noticeably, we have applied SAE model to 

obtain more efficient features so as to achieve potential deep 

features for further classification. In our proposed SAE 

model, we have applied multiple Auto-Encoders stacked in a 

cascaded manner that eventually constitutes a deep 

hierarchy, where each (ascending) layer retrieves its input 

from the latent representation of its descending (below) 

layer. In our proposed SAE model output of each layer is 

connected to the input layer or other, where the sparsity 

feature has been incorporated to reduce the reconstruction 

error swiftly. In addition, the use of sparcity features 

achieves higher accuracy.  

A brief of our proposed SAE feature extraction model and 

its implementation is given as follows: 

 SAE comprises   layers (we used n=2) possessing 

weight parameters  (   ),  (   ),  and respective bias values 

 (   )and  (   ). Noticeably,  (   ) signifies bias values for 

the  -th Auto-Encoder. Functionally, Auto-Encoder 

employs two functions, encoding and decoding where the 

encoding part of the each layer in the forward order is stated 

as (1-2).  

 ( )   ( ( )) (1) 

 (   )   (   ) ( )   (   ) (2) 

On the other hand, decoding component of each layer 

uses reverse order functions as given in (3) and (4).  

 (   )   ( (   )) (3) 

 (     )   (     ) (   )   (     ) (4) 

 In our proposed model, we extract high order features 

from the vector presentation of the input fundus images, 

where the extracted features and allied information are 

accumulated within ( ). This extracted feature is later used 

to perform classification by mapping it as feature vector for 

SVM classifier. Noticeably, in SAE model we have applied 

five Convolutional Layers, here onwards indicated as 

CONV, 3 Max-pooling layer and one Fully Connected layer. 

The detailed discussion of these layers is given in the sub-

sequent sections. In addition to the features extracted by 

SAE model, w have incorporated transferable CNN, 

commonly known as AlexNet-CNN to perform high 

dimensional feature extraction. The detailed discussion of 

the AlexNet CNN model is given in the sub-sequent 

sections.  

 b). AlexNet CNN based High Dimensional Feature 

Extraction 

 Though, AlexNet CNN which was proposed mainly for 

normal or object image classification, it can be transferred to 

a CNN structures possessing capacity to extract features 

from the user specified input images. Such efficiency has 

helped AlexNet to be used for different biomedical data  
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analysis and classification. One of the noticeably efficiency 

of AlexNet CNN is that it can extract high dimensional 

features without imposing computational overheads. High 

dimensional features often provides more significant 

information to make more efficient classification, which is 

must for our intended glaucoma detection and classification 

system. With this motive, in this paper AlexNet CNN has 

been applied to extract high dimensional features (here, we 

have obtained 4096 dimensional features). Our proposed 

AlexNet CNN model applies five Convolutional layers (i.e., 

CONV1, CONV2, CONV3, CONV4 and CONV5) and 

three Fully Connected Layers (FC6, FC7, FC8). Unlike 

Differential Algorithm (DA) based SAE CNN, in AlexNet 

CNN we have applied CaffeNet model [76] that helps 

alleviating the problem of over-fitting during learning. On 

the other hand, the use of CaffeNet helps avoiding the need 

of Graphical Processing Unit (GPU) and hence the proposed 

model can be executed even on Central Processing Unit 

(CPU) without any sophisticated hardware availability. The 

graphical presentation of Alex-Net CNN model is given in 

Fig. 2.  
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Fig. 2 AlexNet CNN architecture 

 

The detailed discusion of the different layers of AlexNet 

CNN and fucntional paradigm is given as follows: 

 Input Layer 

In AlexNet-CNN fundus images are fed as input that in 

later stage generates features as the CONV layers. To 

achieve better performance we have used a feature scaling 

and mean subtraction method where the input images which 

are already processed for resizing are fed as input of CONV 

layer. In addition, at input layer we define the total number 

of channels (here, for RGB we used 3).  

 Convolutional Layers 

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 and signifies the feature map characterising specific 

Glaucomatic features. Noticeably, each neuron in the 

extracted feature map share similar set of weights (W) and 

bias (b) values that enables neurons in a feature map to 

detect the similar feature (depicting Glaucomatic traits). 

Another feature maps in CONV employ different sets of 

biases and weights to enable extraction of the different local 

features. In our proposed AlexNet-CNN model, CONV 

layer filters the input fundus images to retrieve a single 

feature map as output. As already stated, our proposed 

AlexNet CNN model comprises five CONV layers; 

CONV1, CONV2, CONV3, CONV4 and CONV5 where the 

kernel size is considered as 5×5 with zero-padding 

performed at 2. In our proposed AlexNet CNN model the 

convolution layer stride is fixed at 3. Noticeably, the kernel 

specification at CONV layer is CONV1-96 kernels, 

CONV2-256 kernels, CONV3-384 kernels, CONV4-384 

kernels and CONV5-256 kernels.   

 Max-Pooling Layers 

In GlaucoNet model, pooling layer functions as feature 

selection layers where it sequentially minimizes the spatial 

resolution of the individual feature map. Additionally, it 

reduces the number of parameters and computation required 

by applying local averaging and a sub-sampling technique 

that significantly helps avoiding the problem of over-fitting. 

In our proposed AlexNet model we have applied Max-

pooling as native structure of CNN so as to obtain 

translation-invariant representations in the input fundus 

images. In our proposed method Max-pooling down-samples 

the latent representation using a constant component by 

considering the maximum value over non-overlapping sub-

region. Here, Max-pooling considers sparsity over the hidden 

representation by removing all non-maximal values in non 

overlapping sub-space and thus it enhances feature detectors 

to avoid insignificant solutions to carry forward. Similarly, 

during reconstruction, the derived sparse latent code 

minimizes the number of filters to decode each pixel and thus 

makes it more suitable for our intended Glaucoma detection 

from complex fundus images. Functionally, in our proposed 

AlexNet CNN model we have applied one Max-pooling 

layer after each CONV layer, where each layer is defined for 

3×3 receptive field with a stride of 3. Here, the receptive 

filed signifies spatial extent which is achieved by means of 

classical Max-operation for the defined spatial extent. 

 ReLu Layers 

In addition to the Convolutional Layer, we have 

considered an additional layer named ReLu that 

predominantly functions as an activation function. ReLu 

layer possesses a non linear element-wise operator that 

functions as a layer. In our proposed AlexNet CNN model 

we embodied three ReLu layers. With input y, ReLu obtains 

the output for the neuron  ( ) as   if     and (   ) if 

    . Here,   signifies whether we the negative 

component are required to be ignored by means of 

multiplication with a slope (Ex. 0.01…) or fixing it to 0. 

Though, in our proposed model we had assigned     that 

makes it to function similar to the native ReLu 

function  ( )      (   ). Here, activation is done at zero 

threshold value.  

 Fully Connected (FC) Layers   

Typically, FC layers functions at the end of the CNN 

architecture where it performs high-level reasoning tasks. It 

is also called as classifier layer. FC layers receive a set of 

neurons (i.e., feature vector) from the preceding layer and 

maps it to all connected neurons and eventually generates a 

one-dimensional (feature) vector. It supports CNN to  
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perform image analysis and classification easily. In our 

proposed method, AlexNet CNN comprises FC layers that 

take input data as a simple vector and outputs a single 

vector. As already stated, in our proposed model we have 

considered three FC layers; FC6, FC7 and FC8 possessing 

kernels of 4096, 4096 and 1000 respectively. Considering 

high dimensional feature requirements, in our proposed 

method we have considered only FC6 and FC7 with 4096 

dimensional features. These obtained features are projected 

as a feature vector which is concatenated with the features 

extracted by means of SAE. Considering large scale features 

extracted that eventually could make classification time 

consuming and even overburdened. In addition, gigantically 

large feature set can impose unwanted local minima and 

convergence during training and classification. In such 

cases, reducing features or the dimensions of the feature 

vector can help achieving computationally efficient and 

accurate glaucoma detection and classification. With this 

motive, in this paper we have applied two popular 

dimensional reduction methods; Principle Component 

Analysis (PCA), and Linear Discriminant Analysis (LDA). 

Noticeably, we have applied these algorithms as standalone 

dimensional reduction approach that provides comparative 

outcome towards identification of a novel and robust 

solution. A snippet of these algorithms (i.e., PCA and LDA) 

is given as follows:     

D) PCA/LDA based Feature Selection and Dimensional 

Reduction  

Undeniably, our proposed GlaucoNet model with hybrid 

feature extraction (SAE CNN and AlexNet CNN features) 

obtained deep features; however at the cost of increased 

feature size that can make overall further learning and 

classification overburdened. Additionally, it can force 

learning method to undergo local minima and convergence 

issue. To avoid such limitations we have applied feature 

selection and/or dimensional reduction methods that retain 

only significant features to process further classification. To 

achieve it, we have applied two well known algorithms PCA 

and LDA distinctly. A snippet of these feature selection 

algorithms is given as follows:  

a). Principle Component Analysis (PCA) 

It is used to find out the feature space from a space of 

high dimension to low dimension keeping in mind that the 

obtained feature consists of all the important details. The 

PCA helps in rotating the image through a p-dimensional 

feature space axes to a new position called as principle axis. 

The principle axis 1 has the highest variance followed by 

axis 2. As a result it is noted that among the extracted 

images of glaucoma detection all the images can be inter-

related to each other. These co-related features are known as 

Homogeneous features which are considered to be the most 

expressive features. The PCA helps in transferring the 

feature attributes which are homogenous in nature from of 

one vector to another vector having no co-relation elements. 

Hence by applying the PCA method a huge number of 

unwanted feature elements can be reduced which will help 

in easy and efficient computation. The resultant feature 

vector obtained makes the computation more efficient. The 

final resultant vector is then used for classification.        

b). Linear Discriminant Analysis (LDA) 

Linear Discriminant Analysis (LDA) makes use of the 

most discriminating features (MDF) for dimensionality 

reduction. Whereas the PCA which uses the MEF for 

dimensionality reduction of the data. The LDA is used to 

perform dimensionality reduction automatically. The LDA 

is used to project the final resultant features obtained on to a 

single principle component irrespective of its class labels 

during the execution process of PCA. For the process of 

feature extraction and dimensionality reduction the LDA 

makes use of two different matrix one is the intra-class 

scatter matrix      and the second one is inter-class scatter 

matrix     . These matrix values are estimated as follows:  

In (6)   refers the total number of classes,     signifies 

average vector of class  , and    
 presents the overall 

samples in class  . We estimate     as: 

   
 

 
∑    

 

   
  

(7) 

In (7)   refers the total number of classes. LDA intends to 

increase the inter-class scatter and decrease the intra-class 

scatter. In our model, it was achieved by increasing   , 

given in (8). 

   
 |  |

 |  |
 

(8) 

For a non-singular     ,    is increased provided the 

column vectors of the projection matrix   are the 

eigenvectors of     
      . Here, the projection matrix   

with     dimension projects the training data to form 

Fisher vector (FV). In this way, the final Fischer Vector 

obtained is given as input to the classifier. Noticeably, the 

overall Fischer Vectors projected for classification be 

    (                    ). 

Once the final resultant feature vector is obtained it is 

further processed for glaucoma classification. The proposed 

system works on a two class classification which will be 

classified as Glaucomatic and non Glaucomatic. To improve 

the performance 10-fold cross validation is performed. A 

brief description of the classification technique is given as 

follows:        

d. Two-class classification using SVM with N-Fold Cross 

validation 

Major AE based feature extraction and classification 

systems apply native CNN structure with Convolutional 

layers, Maxpool and Fully Connected layers. During 

classification, these methods use softmax classifier. On 

contrary in this paper we have used SVM with 10-fold cross 

validation for classification. Here, SVM has been applied to 

train the extracted vectors that are used to obtain maximum 

margin by obtaining low   as given in (9). 

  

     ∑ ∑ (      )(      )
    

   

 

   
 

(5) 

     ∑ (      )(      )
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      ∑    

(9) 

where,    ≥ 0 and    signify the extent of error resiliency.  

To perform two-class classification, retrieved features 

from SAE and AlexNet CNN are concatenated together to 

form a feature vector, which is grouped in the labeled pairs, 

say    (     ) where    presents the training vector. The class 

label of the training vector    is given by   *    +. In 

classification the hyper plane classifies the maximum 

possible points of the same class on the same side of 

hyperplane. The use of 10-fold cross-validation ensures 

higher accuracy and reliability of the results. The overall 

performance of the proposed GalucoNet+ model is 

examined in terms of classification accuracy and the 

obtained results are compared with other state-of-art 

techniques. 

VI. RESULTS AND DISCUSSION 

Considering the significance of high dimensional deep or 

fine grained features for glaucoma detection and 

classification, in this paper the focus was made on 

incorporating multiple advanced deep learning models. 

Architecturally, the proposed model was designed as a 

cascaded model in which at first a Stacked Auto-Encoder 

(SAE) model was deployed to extract low dimensional 

features, which was followed by (or in parallel) the 

execution of a transferable CNN model known as AlexNet 

CNN. Thus, implementing these two CNN architectures 

over two well known datasets, DRISHTI-GS and DRION-

DB two distinct feature sets were obtained. Recalling 

structure of SAE model we considered native encoder and 

decoder paths, where each encoder exhibited CONV with a 

distinct filter bank to generate a set of encoder feature maps. 

Towards this objective, we used element-wise rectified-

linear non-linearity (ReLU) activation function. On the other 

hand, at decoder we used 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. In our implemented 

SAE model we retained 3 CONV, and one FC layer to keep 

low computational overheads. Once obtaining the extracted 

feature at FC layer, it was concatenated with the features 

obtained using AlexNet CNN. Noticeably, to implement 

CNN unlike conventional ImageNet pre-trained features, we 

applied our own input data which was processed for feature 

extraction using CaffeNet. The overall AlexNet-CaffeNet 

based CNN structure was simulated with VLFeat tool [77]. 

Unlike SAE model developed as the first layer of feature 

extraction, we designed AlexNet CNN with five CONV, 

followed by 3 FC layers, where FC6 and FC7 extracted 

4096 dimensional features to process further. In both CNN 

models, we used training rate gamma as 0.0001, while the 

drop-rate was fixed at 0.5 (50%) that helped retaining only 

significant features for further classification. Obtaining the 

extracted features from SAE and AlexNet CNN we 

concatenated both to project a feature map to be further 

processed for dimensional reduction using PCA and LDA. 

Noticeably, these feature selection methods were applied in 

distinctly. In PCA implementation the correlation coefficient 

was selected as 0.5 that retained only 50% significant or 

superior features by dropping less significant 50% feature 

attributes. This method was applied primarily to retain 

significant features by dropping insignificance one, which 

eventually accomplished computationally efficient CAD 

model. Unlike conventional deep learning methods where 

classical entropy gain parameters are used to perform 

classification, in this paper we used SVM classifier with 

different kernel functions such as Linear, Polynomial and 

Radial Basis Function (RBF). In addition, to achieve higher 

accuracy we used 10-fold cross validation that avoided any 

predefined or manually defined training and testing data. 

This approach enabled achieving higher accuracy without 

imposing additional computational overheads. The overall 

proposed model was developed on MATLAB 2018a 

software tool, while the simulation was made on Microsoft 

Windows 2010 with 8 GB RAM and I5 processor.  

To examine performance efficiency of the proposed 

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, and Recall. The 

mathematical equation and the definition of the derived 

confusion matrix variables are given in Table II. The 

performance parameters and their respective values are 

given in Table III.  

 

Table II Performance Parameters or Criteria 

Parameter Mathematical Expression 

Accuracy (     )

(           )
 

Precision   

(     )
 

F-measure 
  

                

                
 

Recall or Sensitivity   

(     )
 

 

Table III Performance comparison with different 

SVM Kernel functions 

Paramete

r 

DRISHTI-GS DRION-DB 

SVM

-LIN 

(%) 

SVM

-

POL

Y 

(%) 

SVM

-RBF 

(%) 

SVM

-LIN 

(%) 

SVM

-

POL

Y 

(%) 

SVM

-RBF 

(%) 

Accurac

y 

92.6 98.8 97.5 90.4 97.5 95.4 

Precision 91.9 97.5 96.4 92.0 95.5 96.5 

Recall 92.0 97.5 96.4 92.7 95.0 95.5 

F-

Measure 

90.8 97.8 95.5 91.5 95.5 97.5 

 

Observing above results, it can be found that the proposed 

GlaucoNet+ model exhibits better in conjunction with the  
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polynomial kernel based SVM classifier. Results affirm that 

the proposed glaucoma detection and classification system 

exhibits the maximum accuracy of 98.8% for DRISHTI-GS 

dataset and 97.5% for DRION-DB dataset. Similarly, the 

precision of 97.5% and 95.5% for DRISHTI-GS and 

DRION-DB datasets, respectively affirms robustness and 

consistency of the proposed glaucoma detection and 

classification model. Recall, which characterizes 

sensitiveness of the model too is 97.5% for DRISHTI 

dataset (while 95.0% for DRION-DB), which applauds its 

efficacy. Noticeably, the proposed model for the different 

datasets had very less variation in sensitiveness (2.5%) that 

shows its reliability in performance. The maximum F-

Measure obtained for the proposed GlaucoNet+ model is 

97.8%, which is higher than major existing state-of-art 

techniques. Exploring in depth, it can be found that the 

polynomial kernel function enables SVM to learn patterns 

over broad scale or range that makes better hyper-plane 

identification and hence makes classification better. On 

contrary, linear kernel function do lack over learning 

varying features or non-linear features which can be 

common for the glaucoma traits or features. It can be the 

prime reason behind the superior performance by SVM with 

polynomial kernel function than that with the linear kernel 

function. Though, RBF algorithm makes SVM performing 

better, especially for non-linear features or patterns, in our 

proposed model, it could not exhibit better than SVM with 

polynomial kernel function; though the performance for the 

both SVM with polynomial and SVM with RBF are close. 

Summarily, the results affirm that the proposed GlaucoNet+ 

model can provide the best performance with polynomial 

kernel based SVM. To further examine the performance of 

the proposed GlaucoNet+ model which comprises two 

parallel feature extraction techniques; SAE and AlexNet 

CNN, we have obtained performance by each approach, 

which has been further compared with each other. Table IV 

presents the intra-model comparison of the SAE, AlexNet 

CNN and proposed (hybrid model with SAE and AlexNet 

CNN) feature extraction method. 

 

Table IV Intra-model comparison 

Parameter 

DRISHTI-GS DRION-DB 

SAE-CNN 

(%) 

AlexNet-

CNN (%) 

Hybrid 

(Proposed) 

(%) 

SAE-CNN 

(%) 

AlexNet-

CNN (%) 

Hybrid 

(Proposed) 

(%) 

Accuracy 98.2 97.5 98.8 96.3 92.7 97.5 

Precision 94.6 95.5 97.5 93.9 95.5 95.5 

Recall 99.0 95.5 97.5 94.2 94.1 95.0 

F-Measure 94.1 94.4 97.8 94.1 94.0 95.5 

 

 

 

As depicted in Table IV, it can be found the accuracy of 

the proposed Hybrid CNN model for DRISHTI-GS datasets 

(noticeably, we have implemented both SAE CNN and 

AlexNet CNN in parallel, whose features have been fused 

together using concatenation method) outperforms SAE 

CNN and AlexNet CNN individually. Here, our proposed 

method has exhibited accuracy of 98.8% for glaucoma 

detection and classification, while SAE CNN and AlexNet 

CNN could achieve relative accuracy of 98.2% and 97.5%, 

respectively. Similarly, our proposed approach achieved 

accuracy of 97.5% which is higher than SAE CNN (94.6%) 

as well as AlexNet CNN (95.5%). The similar performance 

can be observed for recall as well as F-Measure (Table IV). 

Considering, glaucoma detection and classification efficacy 

of the proposed GlaucoNet+ model it can be found that the 

proposed hybrid feature extraction based model outperforms 

other approaches. It signifies that the use of deep features 

can achieve higher accuracy and performance reliability. 

Table V presents the comparison of the performance by 

GlaucoNet+ model with PCA and LDA based selected 

features. Observing the results, it can be found that the 

proposed model with LDA feature selection can achieve 

higher performance than PCA based selected features. 

 

 

 

 

Table V Performance assessment with different 

feature selection methods with DRISHTI-GS dataset 

Parameter 
GlaucoNet+ GlaucoNet+ 

PCA LDA 

Accuracy 94.2 98.8 

Precision 95.5 97.5 

Recall 95.5 97.5 

F-Measure 91.0 97.8 

 

Here, LDA which unlike conventional PCA (with 0.5 of 

the correlation coefficient or significance level) selects 

significant MDF features. It enables retaining most 

significant features having better ROI characterizing ability. 

The efficacy of LDA based method enables GlaucoNet+ to 

outperform PCA based features. Table III and Table IV 

discussed performance of the proposed GlaucoNet+ model 

with different classification setups (Table III) and 

configuration (Table IV); however to further examine 

efficacy of our proposed model in comparison to the other 

existing glaucoma detection and classification methods, we 

have performed analysis based on secondary resources 

(reviewing existing methods or allied papers). Table VI 

presents the comparative performance by the proposed 

model.  
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Table VI Comparative Performance Analysis 
R

ef
er

en
ce

 

A
cc

u
ra

cy
 (

%
) 

P
re

ci
si

o
n

 (
%

) 

R
ec

al
l 

(%
) 

F
-M

ea
su

re
 

(%
) 

[44] 97.50 - - - 

[49] 84.38 - - - 

[54] 95.50 - - - 

[60]  - - - 

[64] 88.00 - - - 

[35] - - 98.60 - 

[36] 99.20 - 86.00 - 

[65] - - - - 

[47] 80.00 - 95.00 - 

[48] 97.00 - - - 

[57] 98 - - - 

[39] 94.10 - 91.80 - 

[75] 90.00 - - - 

[40] - - 92.00 - 

[33] 100.00 - 94.00 - 

[59] - - - - 

[66] 89.6 (NB) 

97.6(AN

N) 

- - - 

[67] 92.00 - - - 

[68] - - - - 

[69] 72.38 - - - 

[70] 79.00 - 87.00 - 

[71] 83.10 - - - 

[62] 93.00 - - - 

[72] 96.67 - 100.00 - 

[73] 91.00 - - - 

[74] 92.00 - - - 

[4]   0.8478 - 

[55] 88.7 - 60.6 - 

[34] 84.0 - - - 

G
la

u
co

N
et

 +
 

D
R

IS
H

T
I-

G
S

 

98.8 97.5 97.5 97.8 

G
la

u
co

N
et

 +
 

D
R

IO
N

-D
B

 

97.5 95.5 95.0 95.5 

 

Observing the results, it can be found that the proposed 

GlaucoNet+ model with Hybrid feature extraction and SVM 

(polynomial) with 10-fold cross validation outperforms 

major existing approaches. The overall results and allied 

significances affirm robustness of the proposed system over 

conventional glaucoma detection and classification systems.  

The overall research and allied outcomes affirm that the 

use of hybrid feature extraction method with SAE and 

AlexNet CNN, which is sometime stated as transferable 

CNN can be a potential solution to perform glaucoma 

detection and classification. It affirms the RQ1 as stated in 

section III. The results obtained in Table III reveal that the 

SAE with AlexNet CNN can be potential approach to 

extract or achieve deep features so as to make optimal 

classification decision. It affirms affirmative answer for 

RQ2 in Section III. The above results affirms that the 

proposed GlaucoNet+ model which employs deep features 

extracted from SAE and AlexNet CNN performs better as 

compared to SAE and AlexNet CNN individually. It 

signifies that the use of high dimensional deep features can 

be more efficient to achieve higher accuracy and 

classification reliability. It affirms positively towards the 

RQ3. As depicted in Table IV, it is observed that LDA 

features which comprises MDF constructs enable achieving 

higher accuracy than the PCA features. It supports RQ4 

affirmatively. As discussed in above discussion, it can be 

found that the proposed method with SVM (polynomial 

kernel) in conjunction with N-fold cross validation exhibits 

superior performance and hence RQ5 defined in Section III 

is accepted positively. The overall research conclusion for 

the presented research is given in the sub-sequent section. 

VII. CONCLUSION  

Considering the significance of high dimensional deep 

features for image classification model to be used for 

glaucoma detection in this paper the focus was made on 

exploiting SAE and a well known transferable CNN 

structure called AlexNet CNN. This paper proposed a model 

named GlaucoNet+ which at first used SAE and AlexNet 

CNN to extract features from the fundus images, which 

were later fused by feature concatenation. Obtaining the 

deep features, to maintain optimal balance between 

computational efficiency and reliability two well known 

feature selection methods named PCA and LDA were used 

independently, which as a result enables retaining optimal 

feature sets for further classification. The selected features 

were processed for SVM classification with different kernel 

functions where the uses of N-fold cross validation avoided 

manual training and testing set selection. This method 

achieved higher accuracy even at reduced computational 

overhead. The overall result revealed that the proposed 

GlaucoNet+ method with hybrid features containing SAE 

and AlexNet CNN features performs better with LDA based 

feature selection and SVM with polynomial kernel function. 

The overall efficacy of the proposed method affirms 

robustness even with different fundus image datasets having 

different spatio-temporal features and hence can be applied 

for real-time CAD solutions for Glaucoma detection and 

classification.  
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