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Cooperative suppression network for bimodal data in

breast cancer classification

Yang Ziqi', Gong Xun', Zhu Dan', Guo Ying’
1. School of Information Science and Technology, Southwest Jiaotong University, Chengdu 610031, China;
2. North China University of Science and Technology Affiliated Hospital, Tangshan 063000, China

Abstract: Objective Computer-aided breast cancer diagnosis is a fundamental problem in the field of medical imaging.
Correct diagnosis of breast cancer through deep learning can immensely improve the patients’ survival rate. At present,
most researchers only use B-mode ultrasound images as experimental data, but the limitation of B-mode ultrasound data
makes it difficult to achieve a high classification accuracy. With the development of medical images, contrast-enhanced ul-
trasound (CEUS) video can provide accurate pathological information by observing the dynamic enhancement of the lesion
area in temporal sequence. In view of the above ultrasound image problems, this paper proposes a network model that can
comprehensively utilize B-mode ultrasound video data and CEUS video data to improve the classification accuracy. Method

First, a dual-branch model architecture is designed on the basis of the characteristics of two-stream structure and dual-mo-

%5 H H#A:2020-05-31 ; & [B] H #7:2020-07-07 ; FEN 7% H #:2020-07-14
E&UWH: HEARFHEIERIH (61876158) ; PUJI4A TG AT A5 H (2019 YFS0432)
Supported by : National Natural Science Foundation of China (61876158) ; Sichuan Science and Technology Program (2019YFS0432)
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dal data. One branch uses a frame of B-mode ultrasound video data and Resnet34 network model to extract pathological fea-
tures. The other branch uses ulirasound contrast data and R (2 +1) network model to exiract temporal sequence informa-
tion. Second, pathological multilabel pretraining is designed in this branch using 10 pathological information in CEUS video
data because of the shortcoming of traditional video feature extraction. After the two-branch network, the characteristics of
B-made ultrasound data and CEUS video data are obtained. We perform bilinear fusion on the obtained features to better
integrate the features of B-mode ultrasound and CEUS. To extract pathological information and suppress irrelevant noise,
the extracted and fused features from the two-branch network are processed using the attention mechanism to obtain the
attention weight of the corresponding feature, and the corresponding weight is applied to the original feature. Weighted
ultrasound and contrast features are obtained. Finally, the features obtained through the attention mechanism are bilinearly
fused to obtain the final features. Result This article designed three experiments, where the first two experiments are pre-
training on B-mode ultrasound and CEUS to verify the effectiveness of the proposed method and select the network with the
strongest feature extraction ability for ultrasound data. In the B-mode ultrasound data pretraining experiment, the classic
VGG (visual geomeltry group) 16-BN (batch normalization) , VGG19-BN, ResNetl3, ResNet34, and ResNet50 networks
were selected as the backbone network of the ultrasound branch for training to select the network with the strongest extrac-
tion ability for ultrasound images. The final classification results of each network are 74.2% , 75. 6% , 80.5% , 81. 0% , and
92.1% . Considering that the accuracy of the Resnet50 network in the test set is only 79.3% , which is relatively different
from the accuracy of the training set and resulting in serious overfitting, the Resnet34 network is used as the backbone net-
work of B-mode ultrasound data. In the pretraining experiment of the CEUS branch, the current mainstream P3D, R3D,
CM3, and R (2 +1) D convolutional networks are used as the backbone network of the CEUS branch for training. The final
classification results of each network are 75.2% , 74.6 % , 74. 1% , and 78.4% , and the R (2 +1) D network with better
results in the experiment is selected as the backbone network of the CEUS branch. Pretraining using pathological multilabels
is designed in accordance with the medical field. The accuracy of the experiment combining the two data is improved by
6.5% compared with the use of B-mode ultrasound images alone and improved by 7. 9% compared with the single-use CEUS
video. At the same time, the proposed method achieves the highest accuracy in the use of bimodal data, which increases by
2.7% compared with the highest score. Conclusion The proposed cooperative suppression network can process different modal
data differently to extract the pathological features. On the one hand, multimodal data can certainly display the same lesion area
from different angles, providing many pathological features for the classification model, thereby improving its classification accu-
racy. On the other hand, a proper fusion method is crucial because it can maximize the use of features and suppress noise.

Key words: contrast-enhanced ultrasound ( CEUS); double-branch network; bilinear fusion; collaborative attention;

breast cancer classification
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Fig. 2 The cooperative suppression network architecture
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Table 1 Multi-label structure of pathology of CEUS
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Fig. 3 Information of CEUS extraction diagram
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Table 2 Ultrasonic branches test results based on
different backbone networks
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Table 5 Results of ablation experiment
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Table 6 Influence of different fusion methods on

classification accuracy

/%
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Sum 82.4 81.3 83.4 82.3
Max 81.6 81.4 82.2 81.8
Cony 83.4 83.6 84.3 83.9
Biillin 85.0 84.5 84.8 84.6
A3 87.5 87.7 86.8 87.2
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