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ABSTRACT

@®

Biaen s The normal lens of the eye, which is located behind the iris and pupil, becomes clouded
updates when a cataract develops. Normally clean, the lens aids in focusing light onto the retina,
enabling sharp vision. The formation of a cataract results in an opaque or clouded lens,
which distorts or blurs vision. Although aging is frequently linked to cataract

CorrespondingAuthor development, additional causes include heredity, trauma, certain drugs, or underlying
Pragya Shrivastava, medical disorders like diabetes. The usual symptoms are progressive loss of vision,

heightened susceptibility to light, blurred or yellowed colors, and difficulties seeing at
Dol night. A thorough eye exam that includes slit-lamp and visual acuity tests is typically used

to diagnose cataracts.
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1. INTRODUCTION

The World Health Organization (WHO) and several ophthalmology research indicate that corneal disorders are the
primary cause of visual impairment in the world. Roughly 12.7 million people worldwide are believed to be blind due to
corneal disease, making up a sizeable portion of the visually impaired population. Corneal blindness is more common
and is primarily caused by trauma, infections, and inadequate access to healthcare. For example, corneal blindness can
be a major cause of visual impairment in various regions of Sub-Saharan Africa and South Asia.

Machine learning (ML) is transforming the field of corneal diagnostics through its ability to improve image
processing, forecast the course of disease, and customize treatment. Machine learning algorithms are able to accurately
identify disorders like keratoconus and corneal dystrophies by analyzing corneal pictures from devices such as
topographers and OCTs. By analyzing patient data, they are able to forecast the course of a disease and evaluate its
response to treatment. Additionally, machine learning (ML) facilitates remote screening, lowers diagnostic mistake rates,
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Assessing the Performance of Cataract Net and Other Deep Learning Systems for Automated Cataract Detection

and combines various data sources for thorough evaluations. With regard to corneal health, this technology streamlines
treatment regimens, enables early intervention, and enhances patient care overall. We will compare machine learning
algorithms for corneal detection in this research.

2. METHODOLOGY

We are considering two papers “Cataract Detection using Deep Learning” by Saroj Kailash Panda and Nikhil
Panjwani as paper 1 and “CataractNet: An Automated Cataract Detection System Using Deep Learning for Fundus
Images” by Masuam Shah Junayed, MD Baharul Islam, Arezoo Sadeghzadeh and Saimunur Rehman as paper2.Both the
papers are having their own designed models and their model is compared by the already existing model such as VGG16,
VGG19, ResNet. Paper, one has designed their own model and the name given to that model is “Ourmodel” and paper two
has designed their own model and its name is given as “CataractNet”.

We are going to compare the models on the basis of performance metrics like Accuracy, Precision, Recall and F1
Score.

2.1. EXISTING DATASET
e OURMODEL
The Indian diabetic retinopathy image (IDRiD) dataset, the fundus image registration (FIRE) [13], the ACHIKO-I
fundus image dataset, the color fundus image database, the digital retinal images for vessel extraction (DRIVE) [14]
database, and the high resolution fundus dataset HRF [15] are among the datasets used in this study. are merged,
rearranged, and subjected to pre-processing in order to generate a cataract dataset. Then, it is enlarged to a substantial
number of photographs using a data augmentation technique.
e CatracactNet
A cataract dataset, also known as the high-resolution fundus (HRF), is gathered, rearranged, and pre-processed from
many standard datasets of fundus pictures published throughout the past 20 years [15]. image archive, ACHIKO-I fundus
image dataset [16], Indian diabetic retinopathy imaging dataset (IDRiD) [17], fundus image registration (FIRE) [16]
dataset, and color fundus image database [18].as well as digitized retinal pictures for the vascular extraction database
(DRIVE) [19]. Then, via the data augmentation procedure, it is expanded to a sizable number of photos.

¢ Introduction of Some Existing Model used in CNN for FUNDUS Images
VGG16

A deep convolutional neural network architecture called VGG16 was unveiled by the University of Oxford's Visual
Geometry Group (VGG). It is renowned for being straightforward and efficient in identifying intricate patterns in photos,
and it was created with picture classification in mind.

3. ARCHITECTURE

e Layers: There are three fully connected layers and thirteen convolutional layers among the sixteen learnable
parameters that make up VGG16

e Convolutional Layers It downsamples and captures features using 2x2 max-pooling layers and tiny 3x3
convolutional filters, which aids in the detection of intricate patterns.

e Fully Connected Layers: Three completely linked layers at the conclusion of the network assist in categorizing
the extracted features.

VGG19

VGG19 is a variant of the VGG architecture, extending the original VGG16 model. Here’s a concise overview of its
architecture and features:
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Architecture:

e Layers: VGG19 includes 19 layers with learnable parameters—16 convolutional layers and 3 fully connected
layers.

e Convolutional Layers: It employs 3x3 convolutional filters, similar to VGG16, but with more layers to increase
depth. It also includes 5 max-pooling layers with 2x2 pooling windows to reduce spatial dimensions.

e Fully Connected Layers: At the end, there are 3 fully connected layers that perform the classification.
ResNet

ResNet (Residual Network) is a deep learning architecture designed to address the challenges of training very deep
neural networks. Introduced by Microsoft Research in 2015, ResNet features a novel approach that significantly
improves performance in image classification and other tasks.

Architecture:

Residual Blocks: The concept of residual learning is introduced by ResNet. Residual blocks learn the residual (or
difference) between the input and output rather than the desired mapping directly. Gradients can go across the network
more efficiently during training thanks to shortcut connections that bypass one or more layers.

Layers: ResNet architectures vary in depth. Common versions include ResNet-18, ResNet-34, ResNet-50, ResNet-
101, and ResNet-152, where the numbers indicate the total number of layers

4. PROPOSED MODEL
Our Model:

OURMODEL has SIXTEEN layers total, with 50% of those layers being in the first four blocks and the remaining
layers being for grading. The RGB pictures (224x224) and 32 filters with Ks(3x3) make up the first block of inputs.Max
pooling layers are used, with a stride of two.in an effort to save space. containing blocks with ReLu activation features.
An identical block is used as the third block, except it has 64 liters, while the fourth block has 128 liters. The output from
each of these is sent to the remaining levels, which are fully coupled to one another and consist of the drop out and dense
layers. Since this is a binary classification model, a sigmoid function is being used. In order to look into how block
numbers impact the accuracy of classification, cataract

Catract Net

Convolutional neural networks (CNNs) are deep neural networks that use non-linear activation functions,
convolutional and pooling layers, and other techniques to build complicated hierarchies of features [11], [12]. While
these two phases are separated in manual feature extraction methods, they are merged in deep learning-based
approaches throughout the feature extraction phase and during the classification process. To overcome the drawbacks
of manual feature extraction and lower the computational cost, a brand-new deep learning model called CataractNet is
put out. It has sixteen layers total. Four blocks, each with two levels, make up half of the layers, with the remaining layers
being used for classification. The inputs for the remaining block consist of 32 filters with kernel and RGB (three input
channels) images with a size of 224 224.

The second block is the same block with the same parameter values. The third block is then an identical block with
64 filters this time. The number of filters is raised to 128 in the fourth block. The four blocks' aggregate outputs are fed
into the fully connected layers as a feature map. The purpose of these layers—the dropout, thick, and flatten layers—is
to detect cataracts. To gather the filtered cataract features, three sets of dense and dropout layers are built, with the
dense layers being characterized by 64, 128 and 256 flattened neurons. Moreover, to stop the model from overtightening
by setting 40%, 40%, and 50%, three dropout layers are set to 0.4, 0.4, and 0.5.
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Figure 1: Architecture of the CataractNet Model
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4.1. PERFORMANCE COMPARISON ON THE BASIS OF PERFORMANCE METRICES:

Sto. | Trainctest| Category Result from Paper A Result from Paper B Conclusion
Accuracy% | Precision % | Recall% |F1 score accuracy% | Precision % |Recall% |F1 score
90-10 VGG16 9135 86.19 91.82 | 39.94 91.35 86.19 01.92| 89.54 |F1 score is different
1 VGG19 91.88 86.68 91.76 | 89.97 92.88 86.68 91.76| 89.97 |accuracy is different
2 ResNet 91.11 85.69 90.43 86.52 91.18 85.69 90.43| 86.52 |accuracy is different
3 ourmodel 92.92 86.37 95.43 | 89.59
4 CatractNet 91.92 86.37 95.43| 89.51 |accuracy & F1 score different
80-20 VGG16 91.35 86.19 91.93 90.54 91.35 86.19 91.92( 90.54 |recall is different
1 VGG19 92.88 86.68 91.92 | 89.97 92.88 86.68 01.76| 89.97 |recall is different
2 ResNet 97.41 96.75 97.39 | 97.04 97.66 96.75 97.38| 97.04 |accuracy & recall is different
3 ourmodel 99.13 99.08 99.17 | 99.07
4 CatractNet 99.13 99.08 99.07| 99.07 |recall is different
70-30 VGG16 94.45 86.19 96.49 | 94.34 94.89 86.19 92.86| 90.54 |all different
1 VGG19 95.63 86.68 93.68 | 96.13 95.63 86.68 93.76| 95.97 |recall & f1 score different
2 ResNet 96.21 95.62 97.43 | 96.78 96.26 95.62 97.43| 98.56 |accuracy & f1 score is different
3 OURMODEL 98.96 98.24 99.08 98.15
4 CatractNet 98.96 98.24 99.08| 98.97 |fl score is different

Figure 2: Performance Comparison on the basis of Performance metrices Of Paper1 and Paper2
VGG16 when Train-Test Percentage is 90-10

Accuracy percentage is 91.35% which is same for both the paper A and B. Precision is 86.19 % which again same for
both the papers. Recall is 91.92% which same in both the papers. F1 score is 89.94% in paper A and 89.54% is paper B.
So, all the parameters are same except F1 score and the difference is 0.4%.
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Figure3 Comparison of models in paper A (90-10)
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Figure 4 Comparison of paper B (90-10)
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VGG16 when Train-Test Percentage is 80-20

Accuracy percentage is 91.35% which is same in both the papers A and B. Precision is 86.19% same on both the
papers. Recall is 91.93% in paper A and 91.92% in paper B.F1 score is 90.54% in both the papers. So, in the case when
they are using 80-20 percentage of train test then accuracy, precision, F1 score are same only Recall is different by 0.1%.
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Figure 5 Comparison of paper A (80-20) Figure 6 Comparison of paper B (80-20)

VGG16 when Train-Test Percentage is 70-30
Accuracy percentage is 94.45% in paper A and 94.89% in paper B. Precision is 86.19% in paper A and same in paper
B. Recall in paper A is 96.49% and that on paper B is 92.86%.

F1 score is 94.34% in paper A and 90.54% in paper B. So, in this case accuracy is different by 0.44%. Recall is
different by 3.63%. F1 score is different by the 3.89%. Only one parameter is same that is Precision.

105 105
100 100
85 ’W Model 95 *$ Model
90 Used: 90 - Used:
85 h VGG16 85 VGG16
80 80
75 . . . . Model 75 : : : . Model
Used: Used:
o o o < Je o\a ole <
&N & VGG19 S NS VGG19
c.o"'( & ¥ S &F
¥ Qﬂ by Q"\

Figure 7 Comparison of paper A (70-30) Figure 8 Comparison of paper B (70-30)
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VGG19 when Train-Test Percentage is 90-10

Accuracy percentage is 91.88% in paper A and 92.88% in paper B. Precision is 86.69% in paper A and same in paper
B. Recall is 91.76% which is again same in both the papers. F1 score is 89.97% which is same in both the papers. All the
parameters viz Precision, Recall, F1 score are same in this case only Accuracy is different by 1%.

VGG19 when Train-Test Percentage is 80-20

Accuracy percentage is 92.88% which is same in both the papers. Precision is 86.68% which is again same in both
the papers. Recall is 91.92% in paper A and 91.76% in paper B. F1 score is 89.97% which is same in both the papers. In
this case Recall is different and the difference is of 0.16%

VGG19 when Train-Test Percentage is 70-30

Accuracy percentage is 95.63% which is same in both the papers. Precision is 86.68% which is again same in both
the papers. Recall is 93.68% in paper A and 93.76% in paper B. F1 score is 96.13% in paper A and 95.97 % in paper B. in
this case Recall is different by 0.08% and F1 score is different by 0.16%.

ResNet when Train-Test Percentage is 90-10

Accuracy percentage is 91.11% in paper A and 91.18% in paper B. Precision is 85.69% in paper A and same in paper
B. Recall is 90.43% which is same in both the papers. F1 score is 86.52% which is same in both the papers. All the
parameters viz Precision, Recall, F1 score are same in this case only Accuracy is different by 0.07%.

ResNet when Train-Test Percentage is 80-20

Accuracy percentage is 97.41% in the paper A and 97.66 in paper B. Precision is 96.75% which is again same in both
the papers. Recall is 97.39% in paper A and 97.38% in paper B. F1 score is 97.04% which is same in both the papers. In
this case accuracy and Recall is different.

Here Accuracy is different by 0.25% and Recall is different by 0.01%.
ResNet when Train-Test Percentage is 70-30

Accuracy percentage is 96.21% in paper A and 96.26% in paper B. Precision is 95.62% which is again same in both
the papers. Recall is 97.43% which is same in both the papers. F1 score is 96.78% in paper A and 98.56 % in paper B. In
this case Accuracy and F1 score is different.

Here Accuracy is different by 0.05% and F1 score is different by 1.78%.

Our Model when Train-Test Percentage is 90-10

Ourmodel Accuracy percentage is 92.92 %. Precision is 86.37%. Recall is 95.43 %. F1 score is 89.59%.
Our Model when Train-Test Percentage is 80-20

Accuracy percentage is 99.13 %. Precision is 99.08%. Recall is 99.17 %. F1 score is 99.07%.
Our Model when Train-Test Percentage is 70-30

Accuracy percentage is 98.96 %. Precision is 98.24%. Recall is 99.08%. F1 score is 98.15%.
All of the above data derived from paper A only.

CatractNet when Train-Test Percentage is 90-10

Accuracy percentage is 91.92 %. Precision is 86.37%. Recall is 95.43 %. F1 score is 89.51%.
CatractNet when Train-Test Percentage is 80-20

Accuracy percentage is 99.13 %. Precision is 99.08%. Recall is 99.07 %. F1 score is 99.07 %.
CatractNet when Train-Test Percentage is 70-30

Accuracy percentage is 98.96 %. Precision is 98.24%. Recall is 99.08%. F1 score is 98.97%.
All of the above data derived from paper B only.

5. RESULT

On the complete analysis of both the paper we came to the conclusion that the when they are considering train-test
ratio as 90-10 then at that case Our model’s performance is better than the CataractNet. Here accuracy of the “Ourmodel’
is 1% more than the accuracy of the CataractNet. F1 score of the Ourmodel is 0.1% more than the CataractNet. When
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they are considering train-test ratio as 80-20 then the value of recall of the Ourmodel is 0.1% more than then
CataractNet.When they are considering train-test ratio as 70-30 then the value of F1 Score of the CataractNet is 1.82%
more than the Ourmodel.

Thus if we take the average of the above results then we can see that the performance metrices (acuuracy,F1 score
) of the Ourmodel is more. So, Ourmodel is showing better performanve than the CataractNet.

6. CONCLUSION

We provided a comparison of two models in this research. CataractNet and our model. Lightweight deep learning is
the foundation of CataractNet, an automated cataract detection system. To improve the dataset to feed the deep network,
a cataract dataset consisting of fundus images was first reorganized, pre-processed, and augmented. With the purpose
of exploring several layers, the created Cataract Net made use of optimization methods, loss functions, and Deep Learning
functions to minimize computing costs without compromising model accuracy. However, our algorithm can identify
cataract with a very high accuracy rate from the provided fundus images. This is also lightweight, making it faster to
implement and less expensive to compute. To further enhance the model's training, they added to the datasets.
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