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Abstract: A novel efficient method based on the ultrasound radio frequency (RF) signals is proposed to distinguish
the breast tumors grades. First, we utilize the multi-scale geometric characteristic of Shearlet transformation to ex-
tract the multi-scale and multi-directional features of ultrasound RF signal, and then reduce the high-dimensional
Shearlet features by multi-scale directional binary pattern which can effectively preserve the sufficient discriminated
information. At last, we draw on the feature difference between different grades of breast tumors to design a cascade
binary tree SVM classifier which not only overcome the problem of sample quantity disequilibrium but also conform
to the subjective diagnosis rule of sonographer. Extensive experiments on 928 breast ultrasound RF signals col-
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lected from the hospital demonstrate the effectiveness of the new proposed method and its precision, sensitivity,
specificity, PPV, NPV and MCC are 89.29%, 75.62%, 94.54%, 97%, 98.3% and 81.01%, respectively.
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Fig. 1 The flow diagram of Shearlet transformation
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Table 2 Performance comparison of different parameters of Shearlet transformation

Shearlet Shearlet MDBP /(%)
3 4 10692864 470016 79.02
3 8 21385728 940032 81.25
4 4 14257152 626688 79.91
4 8 28514304 1253376 89.29
5 4 17821440 783360 79.46
5 8 35642880 1566720 83.93
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PCA (%)
rel 9 / 43.75
Nishant 173 ! 66.07
Curvelet 7128576 743 74.11
Contourlet 28514304 849 73.21
Gabor 28514304 612 71.43
Log Gabor 28514304 634 60.27
Shearlet 28514304 854 78.13
1253376 762 89.29
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Table 5 Recognition rate and classification time of different classifiers

(%) /s /s
DAG-SVM 58.03 58.93 1.79
OAO-SVM 58.03 58.93 3.93
KNN 79.91 1.81 0.44
RF 79.46 37.69 8.09
CBT-SVM 89.29 206.89 0.37
coefficient Pycc ) SVM (CBT-SVM)
» B TN +TP @ (4) 9) 6
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P itviy = > (5) PPV 97% NPV 98.3%
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Table 6 Performance comparison of four classifiers

(%) (%) (%) PPV/(%) NPV/(%) MCC/(%)
DAG-SVM 58.03 64.71 88.97 72.56 88.03 54.28
KNN 79.91 63.84 92.69 79.53 88.03 64.31
RF 79.46 63.07 92.59 77.88 86.73 63.14
CBT-SVM 89.29 75.62 94.54 97.00 98.30 81.01

7 ACRIKE SVM 5% 5 6 F JE %
Table 7 The confusion matrix of DAG-SVM classifier

3 4A 4B 4C 5
3 66 29 0 0 41
4A 0 24 0 0 8
4B 0 0 8 0 4
4C 12 0 0 6 0
5 0 0 0 0 26
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Table 8 The confusion matrix of KNN classifier

3 4A 4B 4C 5
3 130 0 0 0 6
4A 4 20 0 0 8
4B 2 0 8 0 2
4C 6 0 0 8 4
5 10 0 0 3 13
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Table 9 The confusion matrix of random forest classifier

3 4A 4B 4C 5
3 130 0 0 0 6
4A 4 20 0 0 8
4B 2 0 8 0 2
4C 6 0 0 8 4
5 10 0 0 4 12
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Table 10 The confusion matrix of CBT-SVM classifier
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3 136 0 0 0 0
4A 8 24 0 0 0
4B 4 0 8 0 0
4c 10 0 0 8 0
5 2 0 0 0 24
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The flowchart of the proposed method

Overview: According to the statistics published by the American Cancer Society (ACS) in 2015, it is estimated that
breast cancer is one of the most common types of cancer in women’ patients accounting for 29% of all cancer cases.
Early detection and better diagnosis methods play a significant role in reducing the number of fatalities induced by
breast cancer. Current sonography has become one of the common methods for early screening breast cancer which are
widely used to evaluate doubtful masses based on breast imaging-reporting and data system (BI-RADS). However, this
method is limited by low contrast of B-mode images and high subjectivity of sonographers which may make the diagno-
sis results inaccurate and inconsistent. To address these limitations, ultrasound-based computer aided diagnosis (CAD)
system is proposed to assist sonographers in breast tumor diagnosis for achieving higher accuracy and consistency.
Since most of the existing CAD systems only can distinguish benign tumors and malignant tumors, and their processing
data are all B-mode images which are obtained by ultrasound radio frequency signals, the existing CAD systems still
need further researches and improvements. In view of this, we present a new method for distinguishing the grades of
breast tumors based on the original ultrasound radio frequency signals which have richer tumor lesion information
compared to B-mode images. First, we utilize the multi-scale geometric characteristic of Shearlet transformation to ex-
tract the multi-scale and multi-directional features of ultrasound RF signal. Second, multi-scale directional binary pat-
tern (MDBP) is designed to code the texture information of high-frequency Shearlet features in different directions and
different scales, which can not only reduce the dimension of Shearlet features but also preserve the sufficient discrimi-
nated information of breast tumors for the subsequent grade detection. At last, we draw on the feature difference be-
tween different grades of breast tumors to put forward a cascade binary tree SVM classifier, which not only overcome
the problem of unbalance samples but also conform to the diagnosis rule of sonographer. Extensive experiments on 928
breast ultrasound RF signals collected from the hospital demonstrate the effectiveness of the proposed method and its
precision, sensitivity, specificity, PPV, NPV and MCC are 89.29%, 75.62%, 94.54%, 97%, 98.3% and 81.01%, respectively.
A point worth emphasizing that the higher values of PPV and NPV further show that the diagnosis results of the pro-
posed method are close to the biopsy gold standard.

Citation: Tong Y, Yan Y. The grade classification algorithm of breast tumor based on ultrasound RF signals[J]. Op-
to-Electronic Engineering, 2019, 46(1): 180368
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