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Abstract - Glaucoma is a progressive eye disease characterized by damage to the optic nerve. Early detection and management
are crucial to preserving vision, making the prediction of glaucoma risk. To improve accurate prediction, a Gradient-weighted
Class Activation Mapped Deep Transfer Learning (GWCAMDTL) model is developed with higher accuracy of glaucoma
prediction and lesser time. Retinal fundus images are collected from a dataset in image acquisition. Deep transfer learning
involves adapting a pre-trained deep learning model for performing glaucoma prediction. Initially, layers in the pre-trained
model are usually frozen to preserve the learned features from the infected regions. Transferring information from previously
learned results by the pre-trained mode to new tasks has the potential to significantly improve feature learning efficiency by the
congruence correlation coefficient. Gradient-weighted Class Activation Mapping generates visual explanations for predictions
made by the model. Fine-tuning layers is a crucial part of transfer learning. During fine-tuning for glaucoma prediction, the
model weights of certain layers are updated to better fit specific characteristics of the new glaucoma dataset, leading to a
reduction in both training and validation error. This approach improves the accuracy of glaucoma prediction by applying the
strengths of the pre-trained model and adapting it to the clinical features of retinal fundus images. Experiments are conducted
using various evaluation metrics. Results of GWCAMDTL achieve higher accuracy by 96%, precision by 0.95, sensitivity by

0.96, F1 score by 0.95, and specificity by 0.93 with reduced time by 27% as well as error by 0.042 than existing methods.

Keywords - Glaucoma Disease Prediction, Deep Transfer Learning, Multilayer Perceptron Classifier, Congruence Correlation

Coefficient, Gradient-Weighted Class Activation Mapping.

1. Introduction

Glaucoma is the second leading cause of blindness
worldwide, and it poses a significant public health challenge.
The Glaucoma Domain Adaptation model (GDA) was
developed [1] for glaucoma diagnosis. However, GDA did not
utilize a more robust deep learning model for training with a
larger dataset. A hybrid glaucoma detection framework was
developed [2] to perform predictions. However, it consumes
more time. An automated glaucoma detection method was
developed in [3] using an ensemble of random forest
classifiers. The Glaucoma Diagnosis Network was developed
in [4] for optic disk localization. A new multi-task deep
learning approach was developed [5] for accurate glaucoma
diagnosis. CNN was developed [6] for glaucoma detection. A
deep CNN model was developed [7] for visualizing features
related to glaucoma diagnosis. Two networks, named the
Segmentation Network and the Segmentation Residual
Network, were developed [8]. A new feature, an excitation-
based dense segmentation network model, was developed [9].
An automated classification algorithm was developed [10]
using fundus photographs. An intelligent computer-aided
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system was developed [11] using DNN. The DL technique
was developed [12]. Hybrid techniques were developed [13]
for classifying eye diseases. An Artificial Intelligence (Al)
and Deep Learning Model (DL) was developed in [14] for
glaucoma management. A novel computational model was
designed [15] to achieve high accuracy. However, it was
unable to identify the severity of the glaucoma condition.

1.1. Research Gap

Glaucoma is a chronic neurological illness in the retina
that causes vision loss. By using retinal fundus images, the
glaucoma disease recognition is carried out. A fundus image
is an image of the eye confined by a specific fundus camera,
which contains a mixture of structural and textural features.
There are many methods that have been designed for
Glaucoma disease detection. Early detection is vital in
glaucoma disease. Early detection greatly reduces the risk of
further vision loss. Several methods were designed for
glaucoma detection. Due to the time-consuming, inaccurate,
and manual nature of traditional methods, automation in
glaucoma detection is vital. To address the issue, the
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GWCAMDTL method was
conventional methods,

introduced. Contrary to

1.2. Novelty and Contributions

e To enhance glaucoma disease prediction accuracy, the
GWCAMDTL method was developed.

e To minimize disease prediction time, a novel transfer
learning model performs preprocessing, segmentation,
and feature extraction. Camargo’s Indexive Total
Variation Regularization method is used to enhance
image quality. Following this, the Wald Statistics
Diagonal Connectivity Test is employed for segmenting
the Region of Interest (ROI), after which clinical features
are extracted.

e Toenhance accuracy and minimize error, the Congruence
Coefficient is used to measure the similarity and analyze
feature vectors for predicting the level of glaucoma
disease.

e  To produce multiple classification outcomes, the softmax
activation function is applied to the resulting coefficient
values.

e  Fine-tuning process of deep transfer learning model
reduces error rate and improves accuracy.

o Experimental assessment is conducted to evaluate the
performance of the GWCAMDTL method using various
metrics and comparing it to other deep learning methods.

1.3. Organization of Paper
The paper is organized as follows: Section 2 reviews
related work. Section 3 describes the GWCAMDTL method.

Section 4 outlines the experimental setup. Section 5 presents
a comparative analysis. Section 6 provides a conclusion.

2. Related works

Attention mechanisms were designed in [16] to learn
features for eye disease detection, significantly enhancing
performance. However, these mechanisms did not improve
classification performance by effectively utilizing fundus
structures. A glaucoma forecasting transformer model was
developed [17] to predict glaucoma. However, the model was
trained using a dataset with a limited number of glaucoma
cases. The Multi-Scale Transfer Learning framework
(MTRA-CNN) was developed [18] for graded diagnosis.
However, the framework faced challenges in reducing
complexity and improving performance across multi-stage
transfer learning processes. A multi-stage ensemble-based
system was designed in [19] for diagnosing glaucomatous.
However, it did not utilize multimodal data for validation for
more reliable predictions. A robust and accurate automated
system was developed [20] using DL. However, the model did
not perform fine-tuning of the deep learning algorithms to
improve its performance further. A new loT and DL enabled
diabetic retinopathy diagnosis model was developed [21].
This model utilizes 10T devices to achieve minimal
computation time for diagnosing diabetic retinopathy. High-
Resolution Network (HRNet) was developed [22] to enhance
quality. However, it did not significantly improve the system’s
generalization and robustness. A random forest classifier
model was developed [23] to classify retinal fundus images.
However, the model was wunable to apply different
combinations of filters with a reduced feature set.

Table 1. Comparison of existing methods

Refel\rlce)nce. Method Obijectives Metris Demerits
[1] GDA To obtain a glaucoma dlagn05|s Higher accuracy | GDA did not utilize robust DL
and glaucoma forecasting
[2] Hyb.“d glaucoma To perform predictions Enhance patient It consumes more time
detection framework outcomes
[6] CNN To find glaucoma Lesser time Failed to handle larger

fundus images

[12] Deep learning technique

To segment and classify
fundus images

Higher precision | It did not extend its experiments

To achieve an effective

[18] MTRA-CNN graded diagnosis Increase accuracy| It failed to reduce complexity
[25] Automatic method To detect early-stage glaucoma | Higher accuracy It failed to diagnose
early-stage glaucoma
[28] U-Net CNN To determine glaucoma Lesser time It failed to develop mt_elll_gent,
fully automated applications
[29] Activation function To diagnose glaucoma Reduce error The complexity of the
model was not reduced
[30] Multiple image processing To determine glaucoma Higher accuracy It failed to handle a

and DL methods

large dataset

Ensemble learning with

[32] three DL models

To predict glaucoma

Segmentation was

Lesser time not performed
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The DL framework was developed [24] by a generative
algorithm. An automatic method was developed in [25] for
early-stage glaucoma. A novel multimodal neural network
was developed [26] for classifying glaucoma with minimal
loss. An explainable Al model [27] and U-Net CNN
architecture were designed in [28] for detecting glaucoma. A
deep CNN was developed [7] through feature visualization.

However, the prediction accuracy was not improved. An
efficient activation function for CNN models was developed
[29]. However, the complexity of the model was not reduced.
Multiple image processing and DL methods were designed
[30] for glaucoma detection and enhancing accuracy.
However, it failed to handle a large dataset. CNN-Based
Ensemble DL for Glaucoma Detection and Staging Using
Retinal Fundus Images, named E-GlauNet, was developed
[31] in less time.

However, the time was higher. Ensemble learning with
three deep learning models was introduced in [32] to detect
glaucoma in less time. However, segmentation was not
performed to enhance accuracy. Table 1 describes a

comparison of existing methods. Compared to existing
methods, the proposed GWCAMDTL offers a balanced trade-
off between accuracy, precision, sensitivity, and time. A
transfer learning model constructs a pre-trained classifier
using training images. A Multilayer Perceptron (MLP)
classifier is utilized as the pre-trained model, which includes
various layers. Image preprocessing is performed to enhance
image quality by removing noise. Clinical features are
extracted from the ROI. The congruence correlation
coefficient is used to analyze the extracted features. Softmax
activation function is applied to the resulting coefficient
values to produce multiple classification outcomes. Finally,
fine-tuning of the newly added layers is performed with
minimum error. Accurate disease prediction results obtained
with minimal time and error have higher accuracy.

3. Proposal methodology

The purpose of the GWCAMDTL model is to enhance the
early detection of glaucoma by analyzing various types of
features and identifying potential symptoms before they
become severe.

Training

Large number

Dataset of images

Construct Pre-trained model

Classification outcome

A 4

Testing

Small number of

A 4

Phase |

|

Knowledge transfer

l

images

Create base model

Fine tune task

Phase Il

{

0]
Accurate Glaucoma disease prediction
Fig. 1 Architecture diagram of the GWCAMDTL model
Figure 1 shows the architecture diagram of the proposed acquisition,  preprocessing,  feature extraction, and

GWCAMDTL model using two phases. In the initial phase,
the pre-trained model is constructed with a large number of
training sample images. The base model is created with the
knowledge of the pre-trained model in phase 2. The phases
include the different fundamental processes, namely data
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classification.

3.1. Image Acquisition

In the GWCAMDTL model, image acquisition refers to
the process of capturing and collecting medical fundus images
to assist in the early detection and diagnosis of glaucoma. The
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Glaucoma Fundus Imaging Dataset is used for collecting the
numerous fundus images taken from
https://www.kaggle.com/datasets/arnavjainl/glaucoma-
datasets. This dataset comprises a collection of fundus images
and corresponding optic disc/cup segmentations and
Glaucoma diagnosis information.

3.2. Transfer Learning Model

After data acquisition, Transfer Learning (TL) is a
machine learning technique in which knowledge learned from
a pre-trained model is reused in order to boost the performance
of prediction. For image classification, Transfer learning
provides significant advantages, including reduced training
time, improved performance, and enhanced model
capabilities.

3.2.1. Construct a Pre-Trained Model

In a transfer learning model, the first process is to
construct a pre-trained model that significantly enhances the
efficiency and accuracy of diagnosing the condition by
utilizing the deep learning models trained on large datasets.

A Multilayer Perceptron (MLP) is used as a pre-trained
model for glaucoma detection. An MLP is a type of deep
learning technique consisting of multiple layers of neurons,
including an input layer, one or more hidden layers, and an
output layer. Each neuron in one layer is connected to every
neuron in the next layer, making it a fully connected network.

Large
number of

images

Normal

|

Early

|

Acute

Input layer

Hidden layers

Output layer

Fig. 2 Schematic structure of Multilayer Perceptron classifier

Figure 2 depicts the schematic structure of the Multilayer
Perceptron classifier, which consists of three layers. The input
and output layers are always single layers, while hidden layers
include numerous sublayers. Each layer of a neural network is
composed of small units known as artificial neurons,
perceptrons, or nodes. Each artificial neuron processes
weighted inputs, applies an activation function, and forwards
the output to other neurons in the network. Connections
between these neurons, known as synapses, have associated
weights that influence the strength of data passed between
neurons. The Multilayer Perceptron classifier considers the
training set. {X;, Y;}where X; denotes training sample fundus
images‘SI={SI,, S, ...,SI,}" and Y; indicates a classification
outcome. The number of sample fundus images is provided as
input to the input layer of the Multilayer Perceptron (MLP)
classifier. Each neuron in the input layer receives these sample
fundus images and forwards them to the hidden layer,
applying corresponding weights and biases. Each neuron in
the hidden layer computes a weighted sum of inputs it receives
from the input layer. If S7represents the input from a neuron
of the input layer, the weighted sum for the neuron is
computed,
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Q= XL (SI; *By)+b; 1)

Where Q is a weighted sum function, SI; denotes a
sample fundus image, B; is the weight associated with the
connection between neuron iin input layer and neuron j in the
hidden layer, and b; is the bias for neuron j. Apply an
activation function before passing the results to the hidden
layer. Weighted sum Q is then passed through an activation
function F to determine the neuron’s final output.

0, &Q<0

W=F(Q)={ e

O]

Where Fis a binary activation function applied to the
weighted sum Q. If a neuron in a neural network is considered
active and produces an output of 1, this typically means the
neuron’s activation function has produced a high value. Input
is transferred into the first hidden layer through active
neurons. In that layer, image preprocessing is performed for
enhancing image quality by removing noisy pixels.
Camargo’s indexive total variation regularization method is
employed for image denoising. Total Variation (TV)
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regularization is a method used in image processing tasks to
remove noise while preserving important features such as
edges. The method is based on the concept of minimizing the
total variation of an image, which helps smooth out noise
while maintaining sharp edges. Consider the input image. S7;,
Sh, ..,SI,. The number of pixels in each image is represented
as A,B,A...R,. Proposed technique window with size of £k
Pixels are arranged into a filtering window,

Py P P
P, P P
P Py Py

Fig. 3 k*kFiltering window

Figure 3 illustrates k*k filtering windows, where pixels
P;,P,,P;...P,, They are arranged in rows and columns. After,
pixels are rearranged in increasing order. Absolute difference
or total variation between pixels and neighboring pixels is
determined using the following Camargo’s index functions,

|Pi'pn|

m

C=1- 3)

Where C is Camargo’s index function’s outcome,P, is
pixel in the increasing order, P, denotes a neighboring pixel
in the filtering window. Camargo’s index test provides
outcomes ranging from 0 to 1. When the value of Camargo’s
index function test is 1, the pixels are considered normal.
Otherwise, pixels with more deviation are identified as noisy
and are smoothed by the average value of other pixels,

Py=3, 2 @

Where, Py is a smoothed image of pixels,P represents
pixels in the filtering window, m denotes the total number of
pixels within the filtering window. Noisy pixels are removed
and replaced with smoothed values based on an average value.
Image preprocessing is performed to enhance fundus image
quality. Then the preprocessed images are sent to the next
hidden layer for segmenting the ROI from the input images.
Segmentation in image processing, particularly in medical
imaging, involves dividing an image into distinct regions that
help identify Regions Of Interest (ROIs) such as specific
tissues. This method segments an image by grouping
neighboring pixels with similar intensity properties. The Wald
statistics diagonal connectivity test is employed to group the
pixels into regions based on their connectivity properties. This
method is particularly useful for segmenting Regions Of
Interest (ROISs) in an image where pixels are spatially relevant.

H N P2 b P3
A I3
B A B ™ B

Fig. 4 Diagonal pixels connectivity
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Figure 4 depicts diagonal pixel connectivity, which is
represented by a red line. First, the starting point is marked
with a central pixel located in two-dimensional space (P,,).
Diagonal pixel connectivity is measured using the Wald
statistical test between pixels.

ws= Bo-Pol )

WS is the Wald statistical test between pixelsP, , and Py,
o is variation, |Py,-Pp| is the distance between the centersP, ,’

and neighborhood pixels. ¢ P, ’. Pixels with minimal
difference are selected as neighboring pixels.

(6)

From (11), ‘S’ denotes a connectivity between the pixel
intensity, arg min denotes an argument of minimum function,
it indicates a minimal distance between the two pixels, such as
the center pixel’s intensity ‘P, ‘and other pixels’ intensity.
‘Pp’. The pixels around the center pixels’ intensity are
segmented to form the ROI region. After segmenting the ROI,
the significant optic features, such as CDR, NRR, and BVR,
and Retinal Nerve Fiber Layer (RNFL) Thickness, are
extracted for accurate disease classification. The Optic Cup-
To-Disc Ratio (CDR) is a crucial metric in the detection and
management of glaucoma. Quantitatively assessing the CDR
offers valuable insights for identifying individuals at risk of
glaucoma and tracking the progression of the disease. The
CDR is calculated as the ratio of the area of the Optic Cup
(OC) to the area of the Optic Disc (OD),

S=arg min{WS}

CDR:Z*[

Areacyp [Res] ]
Areagjsc[Res]

()

Where CDR denotes a cup-to-disc ratio, Area,,[Res]
denotes an area of cup and. ‘Areag;..” denotes an area of disc
with resultant images obtained ‘ Res’. Neuroretinal Rim
(NRR) is the area around Optic Nerve Head (ONH) where the
axons of retinal cyst cells converge to form the optic nerve
fiber layer. It represents the disc of tissue surrounding the
optic cup within the optic disc.

Nrrsga

Nrr= NrrIQA+ +NrrTQA (8)

Nrryga

Where ‘Nrrjq,’° indicates the Nrr in the Inferior quadrant
area. ‘Nrrgqa’ point out Nrr in the Superior Quadrant Area.
‘Nrryqa * represents Nrr in Nasal Quadrant Area, Nrrpq,” is
Temporal Quadrant Area. The Blood Vessel Ratio ‘BVR’
offers a detailed evaluation of the distribution of blood vessels
throughout the optic disc. This ratio is computed as the ratio
of summing the BVR values from the Inferior and Superior

Quadrant Areas and dividing it by the sum of the BVR values
from the Nasal and Temporal Quadrant Areas.
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BVR|ga+BVR
Bvr= |[—QATZT7SQA 9)
BVRNQa+BVRTQA

Where ° Bvrjg * designates the BVR in the Inferior
Quadrant Area Bvrgg, * indicates BVR in the Superior
Quadrant Area. ‘Bvryga’ signifies BVR in Nasal Quadrant
Area and ‘Bvrrg,’ represents BVR in Temporal Quadrant
Area. Retinal Nerve Fiber Layer (RNFL) thickness is defined
as the distance between the Inner Limiting Membrane (ILM)
and the outer boundary of the innermost highly reflective
layer.

RNFL= |y1LM “YB_RNFL | (10)

Where, y; v denotes a vertical position of the inner
limiting membrane, yg ryrL, indicates a vertical position of the
outer boundary of the RNFL. Finally, these extracted features
are analyzed with the testing feature value to obtain the final
classification results. In the third hidden layer, the feature
analysis is performed using the congruence coefficient. In
multivariate statistics, the congruence coefficient is used to
measure the similarity between factors derived from factor
analysis. The congruence coefficient is used to measure the
similarity of extracted factors across different samples. The
similarity between the two feature vectors is estimated,

CC= 2 Fev*Frv (11)

JEFrv? S Fpy?

Where CC designates the congruence correlation
coefficient, Fgy  denotes an extracted feature vector, Fqiy
indicates a prestored feature vector,); Fgy*Fry indicates a sum
of the product of the paired scores of two features, Y Fgy?
symbolizes a squared score of Fgy and ¥ Fp? indicates a
squared score of Fry. The Congruence Coefficient (CC) yields

values ranging from —1 to +1. A coefficient of ‘+1” is a perfect
match between two features, meaning they are highly similar.
The coefficient of ‘—1’is complete mismatch, indicating that
the features are dissimilar. Based on the congruence
coefficient output, the input fundus images are classified as
either normal, early glaucoma, or acute glaucoma. These
classified results are obtained at the output layer.

Ystof(Hijk) (12)
CCx
Foor= ﬁ (13)

Where Y is the output of the classifier, i.e., pre-trained
model, F is the softmax activation function, H, is the output
of hidden layers, By is the weight associated with the
connection between neuron jin hidden layer and neuron ‘k’ in
the output layer. Softmax activation function, CC, denotes a
congruence coefficient for the k™ class, e denotes an
exponential function applied to the k™ class, Y¢_, e®k
denotes a sum of the exponential functions applied to the k™
An efficient class. This result provides the final multi-
classification results at the output layer.

3.2.2. Create the base Model

In a transfer learning model, a small humber of testing
images are taken as input to construct the new tasks by using
the same base model, which is utilized in a pre-trained model
(i.e., a deep multilayer perceptron deep learning model), and
perform the new specific prediction tasks. In transfer learning,
‘freeze layers’ refer to layers in a pre-trained model that are
not updated during the construction of the new model.
Freezing layers is a technique used to retain the learned
features of the pre-trained model while adapting the remaining
layers to your specific task.

Testing
images

L

Normal
—>

Early

—
Acute

—

Input layer

Hidden layers

Fine tuning

Freeze layers

Fig. 5 Schematic structure of Multilayer Perceptron classifier
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Figure 5 depicts the schematic structure of a Multilayer
Perceptron classifier, which has frozen layers that selectively
train certain layers of a neural network while keeping others
unchanged. The main reason to freeze these layers is to control
the knowledge and features learned from the pre-training
model. The initial layers and three hidden layers of a pre-
trained model are unchanged while processing the testing
images. The main advantages of these freeze layers
significantly enhance the speed of the training process and
minimize the classification time. In phase 2, the network
architecture consists of three types of layers: An Input Layer,
One or More Hidden (Middle) Layers, and an Output Layer.
The input and three hidden layers are a frozen layer, and
adding two new layers for performing gradient mapping and a
fine-tuning process to minimize the classification error.

The input small number of testing images is transferred
into the hidden layers, where the image preprocessing steps
are performed by utilizing the same model as Camargo’s
indexive total variation regularization method for enhancing
the image quality by removing the noise artifacts. Followed by
the multiple optic features such as CDR, NRR, and BVR, the
Retinal Nerve Fiber Layer (RNFL) thickness is extracted from
the preprocessed images. Then, the extracted features from the
preprocessed test images and the information from the pre-
trained model are analyzed by applying the congruence
correlation coefficient. The similarity between the extracted
features from the preprocessed test images and features
learned from the pre-trained model is estimated as follows,

2 Fev(t)*Fev
/Z FEV(t)Z ¥ Fry?

Where CC designates the congruence correlation
coefficient,Fy(y denotes an extracted feature vector for the
testing image, Fgy indicates an extracted feature vector from a
pre-trained model,Y; Fgy ) *Fgy indicates a sum of the product
of the paired scores of two features, 3. Fgy() symbolizes a
squared score of Fgyy and X Fgy? indicates a squared score
ofFgy. CC yields values ranging from —1 to +1. A coefficient
of “+1” is a perfect match between the two features, meaning
they are highly similar.

cC= (14)

Conversely, a coefficient of ‘—1’signifies a indicating that
the extracted features are dissimilar. Based on the feature
matching, accurate classifications of normal, early glaucoma,
and acute glaucoma are correctly detected. Based on the
similarity measure, input fundus images are classified as either
normal, early glaucoma, or acute glaucoma by the softmax
activation function.

Yn=Fsof(H0 (n) le(n) ) (15)

eCCb(n)
Zli:l eCCk(n)

Fsof= (16)
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Where, Y,, denotes an output of the classifier, i.e., a new
model, F indicates a softmax activation function, H, ¢
denotes an output of hidden layers in the new model, By,
denotes a weight associated with the connection between
neuron jin in the hidden layer and neuron ‘1 in the output layer
of the new model,CC,,, denotes a congruence coefficient for
the k™ class, e denotes an exponential function applied to the
k™ class, Y¢_, e®“m denotes a sum of the exponential

functions applied to the k™ class. This result provides the final
multi-classification results.

Based on the obtained information, the gradient-weighted
class activation mapping function is employed for
highlighting the infected regions that are important for the
model’s decision, providing interpretability to the predictions.
It generates class activation maps without the need for
additional backward passes through the network, making it
computationally efficient. It utilizes the inherent spatial
localization of the image pixels to highlight important infected
regions in an image, enabling the network to focus on the
relevant parts for each class prediction. Grad-CAM highlights
the regions in the input image that are most relevant for
predicting a specific class using the gradients of the output
class score concerning the activations of neurons in the hidden
layer. For a specific class k, the gradient of each class is
measured as follows,

ok

= 17
9Fso£(j) ( )

Where Vk denotes a gradient of each class ‘ k’,
Y, ¥denotes an output for class’k’, Fy.¢(j) indicates a softmax
activation of neuron ‘j’ in the hidden layer of the feature map.
The gradients are used to identify how important each neuron
in the hidden layer is for the output class. To create a class
activation map, weight the activations of neurons in the hidden
layer by their corresponding gradients.

av,K
9Fso£(i)

1

BO=72X (18)

Where, B¥(F) denotes a weight for the feature map with
respect to class ‘k’, P, denotes a number of pixels in each
v,k
A a_Fsof(j)_
to the activation in the hidden layer ‘F¢(j)’ in the feature
map. Finally, the class activation map is obtained as follows,

feature map, denotes a gradient of class ‘k’ with respect

Z,;=RELU(Z) B*(F) *Fs0e (i)

Where, Z, denotes a class activation map, which
provides a visual representation that indicates which parts of
the input images are most infected in glaucoma disease for the
prediction of class k. RELU denotes a Rectified Linear Unit
(ReLU) activation function applied to ensure that only

(19)
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positive contributions are considered in the class activation
map. A negative value is typically not useful for visualization,
BX(f) denotes an importance weight for the feature map with
respect to class k, Fy¢(j) represents the activation map of the
feature map, and represents the output of the neurons in
j*" hidden layer after applying the activation function (such as
ReLU).

3.2.3. Fine-tuning of the transfer learning

In transfer learning, fine-tuning is a process where a pre-
trained model, which was trained on a large, general dataset,
is adapted for a specific task by making adjustments to its
hyperparameters. Fine-tuning helps the model utilize the
knowledge gained from initial training to improve
performance. The fine-tuning process is executed for updating
weights between newly added layers to minimize error and
enhance disease prediction accuracy. For each outcome, the
error rate is computed based on the squared difference
between the actual outcome and the prediction results.

€= [YAct'Ypre] ’ (20)

Where, ERR is the actual classification results “Yac’, Ypre
is predicted classification outcomes. During fine-tuning, error
back-propagation algorithms adjust hyperparameters (i.e.,
weights) optimally to increase accuracy.

Buri=Ben ] (21)

Where, .4, indicates an updated weight, 3, indicates a

current weight, n denotes a learning rate (n<1), ‘;TE’
t

represents a partial derivative of the error ‘e’ with respect to
the current weight. < B,’. The above-mentioned updating
process is repeated until a minimum error. Finally, accurate
disease prediction results with the infected regions
visualization are obtained at the output layer, which improves
the disease prediction.

/I Algorithm 1: Gradient-weighted Class Activation Mapped Deep Transfer Learning

Input: Dataset, fundus images SI; SI, SIs, ... SI,
Output: Increase the disease prediction accuracy

Begin
1. Construct the pre-trained model

For each training imageSI

Segment the ROI using (5) (6)
Extracts the clinical features using (7)(8)(9)(10)

9. For each feature vector ‘FE’
10. For each pre-stored feature vector. ‘ Fr,’

12. End for
13. End for

16. For each testing imageSI

25. For each classification outcome

26. Compute the error rate ‘€’ using (20)
27. Update the weight using (21)

28. End for

2. Collect a number of training fundus imagesS1; SI,, S, ... SI,,taken at the input layer
3

4. Formulate the neuron activation probability using (2)

5. Preprocessing the input image using (3) (4) —[hidden layer 1]

6

7

8.  End for extracted feature vector, Fr, indicates a prestored feature vector

11. Measure the congruence correlation coefficient using (11)

14. Apply the softmax activation function using (17) to obtain classification outcomes.
15. Collect a number of testing fundus images.Si; S1,, S13, ... ST, taken at the input layer

17. Formulate the neuron activation probability using (2)
18. Preprocessing the input image using (3) (4) —[hidden layer 1]

19. Segment the ROl using (5)(6)

20. Extracts the clinical features using (7)(8)(9)(10)

21. End for

22, Measure the congruence correlation coefficient using (14)

23. Obtain the classification results

24, Visualize the infected region by applying gradient class activation using (19)

End

29. Repeat the process until you find the minimum error
. Obtain the final disease prediction results at the output layer
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Algorithm 1 illustrates GWCAMDTL with high accuracy
and minimal time consumption.

4. Experimental Scenario

The proposed GWCAMDTL method and [1, 2] are
implemented using the Python high-level programming
language in the Glaucoma Fundus Imaging Dataset. For
experimental consideration, 2000 images are considered.

5. Performance Comparison
Performance comparison of the GWCAMDTL method
and [1, 2] is discussed with various parameters.

5.1 Performance Metrics
Accuracy‘Acc’: Itis defined as the ratio of correct disease
predictions made. It is measured in percentage (%).

_ TP+IN

Acc= ——F—
TP+TN+FP+FN

* 100 (22)
Where, ‘TP’ is true positive, TN is true negative, ‘FP’ is

false positive, FN is false negative.

Precision ‘PC’: it is measured as a ratio of true positives
to the sum of true and false positives.

PC= (TPT+PFP)

Sensitivity: it is also called recall, which is measured as
the ratio of true positives to the sum of true positives and false
positives results obtained in the disease prediction.

(23)

csos TP
Sensitivity = (m) (24)

F1-score: This metric combines precision and recall into
a single value.

(25)

PC+Sensitivit;
F1 — score = 2 * (73’)

PC+Sensitivity

Specificity: It is the ratio of true negatives to the sum of
true negatives and false positives.

TN:IFP) (26)

Specificity = ( .
Error rate: It is the percentage of all predictions that are
incorrect, both FP and FN. It is measured in percentage (%).

FN+FP )

S @7)
TP+TN+FP+FN

Error rate = (

Prediction timePT’: It is defined as the time taken by the
algorithm. It is measured in milliseconds (ms).

PT = )L, SI; * TM(PS)] (28)

Where n is the number of sample images ‘SI’, TM is the
time for predicting one image sample (PS).

Table 2 and Figure 6 depict glaucoma disease prediction
accuracy and precision. The accuracy of the GWCAMDTL
method improved by 5% and 9% compared to [1, 2].

Table 2. Comparison of the accuracy

Number of Sample images Accuracy (%)
GWCAMDTL GDA Glaucoma detection framework

200 98.5 93.5 92

400 97.56 93.05 91.75
600 96.78 92.41 90.03
800 95.52 91.02 88.44
1000 94.85 90.45 87.03
1200 93.89 89.45 85.45
1400 93.08 88.78 84.36
1600 94.56 89.45 85.43
1800 95.78 90.12 87.56
2000 97.12 92.02 89.05

Table 3. Comparison of the precision
Number of Sample images Precision -
GWCAMDTL GDA Glaucoma detection framework

200 0.983 0.942 0.925
400 0.974 0.93 0.915
600 0.966 0.925 0.907
800 0.952 0.918 0.902
1000 0.945 0.904 0.885
1200 0.938 0.897 0.872
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1400 0.922 0.885 0.865
1600 0.935 0.905 0.884
1800 0.945 0.922 0.89
2000 0.964 0.934 0.9
100
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Fig. 6 Graphical Representations of accuracy
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Fig. 7 Graphical representations of precision

Table 3 and Figure 7 demonstrate precision. Precision =~ GWCAMDTL. To achieve enhanced performance,
improved by 4% compared to [1] and 6% compared to [2] with ~ GWCAMDTL employs a deep transfer learning model.
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Table 4. Comparison of the sensitivity

Number of Sample images Sensitivity
GWCAMDTL GDA Glaucoma detection framework
200 0.991 0.95 0.941
400 0.985 0.942 0.922
600 0.972 0.933 0.91
800 0.963 0.925 0.9
1000 0.955 0.915 0.88
1200 0.945 0.902 0.87
1400 0.933 0.897 0.86
1600 0.952 0.918 0.875
1800 0.965 0.928 0.889
2000 0.984 0.939 0.905
1
0.95 -

0.9 -

2
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2 085 -
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Fig. 8 Graphical Representations of Sensitivity

Table 4 and Figure 8 illustrate sensitivity. Sensitivity improved by 4% and 8% than [1, 2].

Table 5. Comparison of the F1 score

Number of Sample images F1 score -
GWCAMDTL GDA Glaucoma detection framework
200 0.986 0.945 0.932
400 0.979 0.935 0.918
600 0.968 0.928 0.908
800 0.957 0.921 0.900
1000 0.949 0.909 0.882
1200 0.941 0.899 0.870
1400 0.927 0.890 0.862
1600 0.943 0.911 0.879
1800 0.954 0.924 0.889
2000 0.973 0.936 0.902
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Fig. 9 Graphical representations of F1-score
Table 5 and Figure 9 demonstrate sensitivity and F1- Table 6 and Figure 10 illustrate specificity. The
score. F1-score of GWCAMDTL is improved by 4% and 7%  GWCAMDTL method increases specificity by 5% over [1]
than [1, 2]. and 8% over [2].
Table 6. Comparison of the specificity
. Specificity
Number of Sample images GWCAMDTL GDA Glaucoma detection framework
200 0.974 0.912 0.888
400 0.965 0.905 0.872
600 0.947 0.9 0.865
800 0.938 0.895 0.874
1000 0.928 0.888 0.862
1200 0.917 0.875 0.854
1400 0.906 0.863 0.846
1600 0.928 0.895 0.874
1800 0.935 0.902 0.89
2000 0.947 0.918 0.9
Table 7. Comparison of the error rate
Number of Sample images Error rate
P g GWCAMDTL GDA Glaucoma detection framework
200 0.015 0.065 0.08
400 0.024 0.069 0.082
600 0.032 0.075 0.099
800 0.044 0.089 0.115
1000 0.051 0.095 0.129
1200 0.061 0.105 0.145
1400 0.069 0.112 0.156
1600 0.054 0.105 0.145
1800 0.042 0.098 0.124
2000 0.028 0.079 0.109
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Fig. 11 Graphical representations of error rate
Table 7 and Figure 11 illustrate the error rate. Table 8 and Figure 12 illustrate prediction time.

GWCAMDTL reduces the error rate by 55% and 66% than [1, GWCAMDTL of prediction time reduced by 12% and 16%

2.

than [1, 2].
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Table 8. Comparison of the prediction time

Number of Sample images Prediction time(ms)
P g GWCAMDTL GDA Glaucoma detection framework
200 16 19 20
400 18 22 23
600 20 24 25
800 23 26 28
1000 25 29 30
1200 28 31 33
1400 30 33 35
1600 33 36 37
1800 35 38 40
2000 39 41 42
45
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Fig. 12 Graphical representations of prediction time
5.2. Confusion matrix prediction results by comparing actual (true) labels with

A confusion matrix is a valuable tool in classification for predicted labels generated by the model.
evaluating the performance of GWCAMDTL. It summarizes

Table 9. Confusion metrics using the GWCAMDTL method

Total Actual value
images
2000 Positive Negative
B, | Positive TP=1650 FP=40 1690
85
i
a Negative FN=20 TN=290 310
1670 330

Table 9 shows the confusion matrix of the proposed GWCAMDTL method using 2000 images.
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5.3. Performance of the ROC curve

ROC (Receiver Operating Characteristic) curve evaluates
the performance of the GWCAMDTL method, [1, 2] for
predicting the positive class. It plots the True Positive Rate

(TPR) against the False Positive Rate (FPR). Table 10 and
Figure 13 present the ROC curve analysis of the proposed
GWCAMDTL with [1, 2].

Table 10. Tabulation for ROC curve

FPR TPR
GWCAMDTL GDA Glaucoma detection framework
0.1 0.12 0.08 0.065
0.2 0.35 0.25 0.18
0.3 0.46 0.37 0.32
0.4 0.62 0.52 0.46
0.5 0.75 0.63 0.57
0.6 0.82 0.7 0.65
0.7 0.89 0.8 0.76
0.8 0.96 0.88 0.82
0.9 0.98 0.92 0.86
1 0.99 0.95 0.89
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Fig. 13 Graphical representations of the ROC curve
6. Discussion correlation coefficient with the knowledge obtained from the

This study compares the proposed GWCAMDTL method
and GDA [1], a Hybrid Glaucoma Detection Framework [2],
using the Glaucoma Fundus Imaging Dataset based on
different parameters, namely, accuracy, precision, recall, F1 -
score, specificity, error rate, and prediction time with respect
to sample images. Contrary to existing methods, the proposed
GWCAMDTL provides finer results with maximum
precision, recall, F1 -score, specificity, and lesser error and
time. To achieve enhanced performance, the GWCAMDTL
method employs a deep transfer learning model for
performing image preprocessing, ROI segmentation, and
feature extraction. Features are analyzed using the congruence
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pre-trained model to reduce time. This approach improves
prediction accuracy by increasing the true positive rate and
reducing false positives in glaucoma disease prediction. Fine-
tunes weights between newly added layers used in transfer
learning to minimize errors. Outcome of GWCAMDTL attains
maximum accuracy by 96%, precision by 0.95, sensitivity by 0.96,
F1 score by 0.95, and specificity by 0.93 with minimum time by 27%
as well as error by 0.042 than state-of-the-art techniques.

7. Conclusion
In this paper, a novel prediction model called
GWCAMDTL has been developed for early-stage glaucoma
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detection using fundus images. The proposed GWCAMDTL Conflict of Interest

method employs a transfer learning model to analyze input The authors declared that they have no conflicts of
fundus images utilizing results from a pre-trained interest in this work.

classification model. The GWCAMDTL method provides
visual illustrations of the affected images following
classification. The fine-tuning process of the transfer learning
model further minimizes errors in disease prediction and
enhances overall prediction accuracy. Experimental
evaluation was conducted using various performance metrics.
Results of proposed GWCAMDTL improve the accuracy of
glaucoma disease prediction while reducing time and error
rates compared to conventional methods.
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