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Analysis of Malignant Tumor Using Texture Characteristics in Breast
Ultrasonography
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Abstract Breast ultrasound readings are very important to diagnose early breast cancer. In Ultrasonic inspection, it shows a significant
difference in image quality depending on the ultrasonic equipment, and there is a large difference in diagnosis depending on the
experience and skill of the inspector. Therefore, objective criteria are needed for accurate diagnosis and treatment. In this study, we
analyzed texture characteristics by applying GLCM (Gray Level Co-occurrence Matrix) algorithm and extracted characteristic parameters
and diagnosed breast cancer using neural network classifier. Breast ultrasound images were classified into normal, benign and malignant
tumors and six texture parameters were extracted. Fourteen cases of normal, malignant and benign tumor diagnosed by mammography
were studied by using the extracted six parameters and learning by multi - layer perceptron neural network back propagation learning
method. As a result of classification using 51 normal images, 62 benign tumor images, and 74 malignant tumor images of the learned

model, the classification rate was 95.2%.
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Fig. 1. Breast ultrasound images
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(b) GLCM matrix
Fig. 2. Direction setting of the neighbor pixel

(@) Original image
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Table 1. Parameters of the GLCM

Parameter Equation

Cluster Prominence Pro= Y3i+j— o= t'pi

i,j

)\'V N,
Energy Energy = E Ep(i,j)z
i=0j=0
NN,
Entropy Ent =YY p(i,j)log(p(i,j))
i=0j=0
. N, N, (i,7)
Homogeneity HOM=Y) 3 20 i) =p
i=1j=1 1+n
2n
Sum variance SVAR==YG,,,(i)(i— SENT)?
i=2
_ HXY-HXY1
Information measure f= maxHX, HY ’
of correlation

HXY= *ZZp(i,j)log (p(4, 5))

where, p(i,5): The (i, 4)th entry of GLCM
p,(i):The 7 th entry in the neighbor probability matrix
summing the rows of p(i, ;)
p,(i) :The / th entry in the neighbor probability matrix
summing the rows of p(i, ;)
N, * Level of gray
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Fig. 4. Arificial neural networks
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Fig. 5. The result of the Cluster Prominence value
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Fig. 6. The result of the Energy value
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Fig. 7. The result of the Entropy value

Figre 2728 Axe Az =4¢ vshje
Entropy ShebvlEje] Ashgre Jepigld. 355 94
o tiele] 84%e) BFE&S YN

1 S
T
1
o9 ]
- I
1
— ¥
o8 T
'
] L
o7 1 -
[
I
o6
I
I
oS 1 [
1 ]
a ! —
04 [
[
R -
0.3
normal malignant benign

Fig. 8. The result of the Homogeneity value
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Fig. 9. The result of the Sum variance value
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Fig. 10. The result of the Information measure of correlation
value
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Fig. 14. ROC curve
class 1. normal, class 2. benign, class 3. malignant
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