Disease Recognition on Medical Images Using Neural Network
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Abstract

In this paper has proposed to the recognition of the disease on medical images using neural network. The
neural network is constructed as three—layers of the input—layer, the hidden—layer and the output—layer. The
training method applied for the recognition of disease region is adaptive error back—propagation.

The low—frequency region analyzed by DWT are expressed by matrix. The coefficient—values of the
characteristic polynomial applied are n+1. The normalized maximum value +1 and minimum value —1 in the
range of tangent—sigmoid transfer function are applied to be use as the input vector of the neural network.

To prove the validity of the proposed methods used in the experiment with a simulation experiment, the

29
Corresponding Author: Ol&S

FA AFZAA ZA S 864-1 RIS HALS ém
S0 UXt: 2008 128 232, AJAMYXL: 20084 128 30, =+

E-mail: sbleenambu.ac.kr, Tel: +82-62-970-0156
& ARk 20094 022 11, AN EEUX: 2009 03€ 17



g=EARISts] ==X Vol3, No.1, @ H8%, 20094 32

input medical image recognition rate the evaluation of areas of disease.

As a result of the experiment, the characteristic polynomial coefficient of low—frequency area matrix,
conversed to 4 level DWT, was proved to be optimum to be applied to the feature parameter. As for the
number of training, it was marked fewest in 0.01 of learning coefficient and 0.95 of momentum, when the
adaptive error back—propagation was learned by inputting standardized feature parameter into organized neural
network.

As to the training result when the learning coefficient was 0.01, and momentum was 0.95, it was 100%

recognized in fifty—five times of the stomach image, fifty—five times of the chest image, forty—six times of
the CT image, fifty—five times of ultrasonogram, and one hundred fifty—seven times of angiogram.
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int i,n;
LO = Input Image;
for (i=1;i<n; i++){
[Li,HHi, VHi ,DHi ]=DWT2(Li~1, 'db2');
printf Li;
printf Hi;
printf VHi;
printf DHi;
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eigenvalue(A);
=1;

Input low frequency matrix(A) after 4-level DWT;

Polynomial (A);
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Meuron Layer 2

Neuron Layer 3

A2=lansigiW2aA1+b2)  Ad= W3rA2+b3)

Al=tansig(Wi=P+b1)

R=#inputs

S1=#Layer 1 Neurons
S2=# ayer 2 Neurons
S3=#_ayer 3 Neurons
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{ for(i=0;i<=n;i+)
for(j=1;j<=m;j+) W initial_value;
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for (k=15k<=liktt)  V g=initial_value;
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