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Abstract

More over 50% of blindness in the industrialised world is caused by
cataracts, making them one of the most common causes of
blindness. This research aims to design earlier cataract detection

using machine learning technique. Here the dataset has been
collected through the 10T module from the public health dataset.
This data has been pre-processed, and then the data has been pre-
trained for better data classification using K- NEURAL
NETWORKS (K-NeuNet). By this pre-trained data the detection
has been carried out, when the image detected with symptoms of
cataract eye, the data has been classified using deep region neural
networks (De-RegNN) to detect and grad cataract automatically.
The simulation results show optimal accuracy, precision, recall, F-1
score and specificity. It uses regular eye images to detect cataracts.
Keywords: Cataract, machine learning, classification, IOT module,
K-NeuNet, De-RegNN, prediction
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1. Introduction:

One of the most common causes of blindness today, a cataract is defined as a clouding of the eye's
lens that impairs vision. According to a recent study [1], there were 32.4 million blind persons and
191 million people with visual impairment in the world in 2010, with cataracts accounting for 33.4%
of all cases of blindness and 18.4% of all cases of vision impairment. Additionally, the severity of the
vision impairment increases with the length of time a patient has an untreated cataract [2]. Deep
learning ideas, particularly the deep convolution neural network used for pattern identification, have
recently been advancing quickly. It is possible to use this kind of structure to input image data in the
form of pixels and output the appropriate categorization [3]. Our article is set up in the following way
to better present our framework. The connected works are discussed in Section Il. Details of our
methodas well as training methods are provided in Section I1l. Accuracy of our method in comparison
to previous approaches and its interpretability are presented in Section IV. Paper is discussed and
concluded in Section V.

2. Related works:
The development of medical expert systems to automate diagnostic procedures has been the subject of
extensive research [4]. For specific eye conditions, including dry eye disorders, refractive error,

astigmatism, and the evolution of glaucomatous visual field abnormalities, textual and numerical data
were employed in References [5,6]. The Electronic Medical Records and Genomics Network
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investigated cataract illness. In order to diagnose cataracts in patients who were not having surgery,
ICD-9 (International Classification of Diseases) [7] codes and modern procedural terminology codes
were used. Reference [8] also offers a current analysis of the techniques applicable to this kind of
study and According to reference [9] [10], a gene network involving the determinants corresponding
to the nodes was created to define disease expression.

3. Materials and methods:
Pre-training with K-NeuNet and the RDNN classifier make up the two halves of our cataract

technique. We thoroughly introduce the two elements in this section. The proposed architecture has
been given in figure 1.
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Figure 1- Proposed Architecture
3.1 Data-Preprocessing:

The input has undergone a Gabor filter pre-processing. The most significant features in the fundus
picture, including the optic discs, retinal lesions, arteries, and aneurysms, have received much
research. By evaluating the degree of clarity of fundus pictures, a cataract can be categorised into one
of the four classifications listed above based on these characteristics: Moderate, severe, and non-
cataractous.

3.2 Pre-training using K-NeuNetbased classification:

A technique for categorising objects based on nearby training samples in the feature space is the K-
neural network algorithm. One of the simplest machine learning methods is the K-neural network
algorithm. The sole steps involved in training this algorithm are storing the feature vectors and labels
from the training images. The unlabelled question point is simply given the label of its k closest
neighbours throughout the classification process.

d(x,y) =|lx = yl| =/l = y).(x =) = C (0 — y) D)2 )

where x and y are histograms in X = R™
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By pre-trained data, the detection of cataract eye has been carried out.When the eye is detected to be
normal, its parameter has to be calculated. When cataract eye is detected, then De-Reg NN
classification is carried out for better specificity and accuracy.

3.3 De-Reg NN classification:

In this case, W is made up of several p-by-p diagonal submatrices. Value of arbitrary entry wij in W
can therefore be shown as in eq. (2)- (4):

= {qklxp+c if c+k) modp=d
Y otherwise

)
Below figure 2 shows cataract detection using De-RegNN.
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Figure 2- Cataract Detection using De-RegNN
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4. Performance analysis:

This part begins with a description of the experiment setup, which includes the database, evaluation
criteria, and implementation. then display and examine outcomes of experiment. E5-2609 CPU, 8GB
RAM, Qudro K620 GPU, and Ubuntu 16 as operating system make up PC hardware configuration
utilized for our suggested retina fundus picture classification with RDNN. Python's DL toolbox is
used to implement the fundus picture categorization. According to the experimental findings in this
section, verifying with at least 1606 samples provided generally applicable but not the most accurate
results, whereas utilising fewer samples proved unreliable. Table-2shows comparison of accuracy
score, F-1 score, AUC, precision, sensitivity, specificitybetween existing and proposed technique for
cataract detection.

Table-1 Parametric comparison for proposed and existing techniques

Parameters | NLP | ICD-9 | ICR | OCT | K-NeuNet De-RegNN
Accuracy Score | 65 70 75 90 95
F1-Score 68 75 78 95 96
Precision 72 82 84 90 97
Sensitivity 76 84 88 93 95
Specificity 78 88 90 95 97
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Figure-8 Comparison of Precision
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Figure-9 Comparison of Sensitivity
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Figure-10 Comparison of Specificity

The figure 5,6,7,8, 9 and 10 shows comparison of accuracy, F1 score, AUC, precision, sensitivity and
specificity between proposed and existing techniques.

5. Conclusion:

By training and testing on input photos, the suggested method in this study using K-NeuNet De-
RegNN is capable of breaking records in the difficult cataract identification task. In terms of accuracy
and specificity, our method is superior to the state-of-the-art. After K-pre-training, NeuNet's which
significantly aids De-RegNN classification, the retinal pictures were used to get over interference of
local uneven illumination as well as reflection of the eyes. De-RegNN effectively and automatically
extracts the discriminative characteristics that define high-level information as opposed to doing so
manually. This method has been shown to be quite useful in the early detection and diagnosis of
cataracts and has a great deal of promise for use in other eye illnesses.
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