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Classification of breast cancer histopathological images based on CNN
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[ Abstract] Breast cancer has become the largest cancer over the world. Early detection and diagnosis of benign and malignant
breast cancer are of great significance for the treatment. Aim at the problem of insufficient neutrality and low accuracy of traditional
machine learning in breast cancer histopathological image classification task, this paper proposes a breast cancer image classification
model based on CNN ( Convolution Neural Network ), which divides breast cancer histopathological images into benign and
malignant ones. Based on VGG network, the model adjusts the network structure, experiments on the public data set BreakHis.
Aiming at the sample imbalance problem in the data set, we use the focal loss function for optimization, and the training process
combines transfer learning and data enhancement strategies. The experimental results show that the average recognition rate of our
model under 4 magnifications reaches 96.96% , and the classification accuracy rate has been greatly improved compared with the
previous models, which can provide a meaningful reference for the classification of breast cancer histopathological images.

[Key words] breast cancer histopathological image classification; convolutional neural network; sample imbalance; transfer
learning ; data enhancement
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Fig. 1 Typical structure of convolutional neural network
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Tab. 1 Image distribution of benign and malignant tumors with

different magnification

TRARATEL Rk Wtk Bt
40X 625 1370 1995
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Tab. 2 Image distribution after data enhancement
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Tab. 3 Comparison of accuracy with different loss functions
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Fig. 4 Accuracy under four training strategies
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Tab. 4 Comparison of recognition accuracy of various methods
with different magnifications
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R FRRAT G 22 > LR PR 53 AT 55 Th A
FERAS I | 45 v LR L PR 1 4 SR R, A S
PRI TR T CNN By FLMR IR s B MG o B8, 7
ISTFEY BreakHis 0454 1111450 5 S804k, e
LAE 4 FICRREELT BF 100 2635 51 96.96% , H:
H1 40X 100X Fl1 200X f550 T MR BIR 1 97% ,
JEBLI TALTE 000 2E R8T 5 S ik e I8 2 RS Bl s 4R
BRI AR SR P B 2 ) RV 3 5 R ek, )
MR I WAL M4 R e Y R 2 R A
12 ff, ke T b LA R Wk A R Rk
Break His 0 277 19 2 51 AN 32 45 0] 81, A SR
RSP R B AL GE 1 28 XU R AL, 38 A 2
FUSZIG: B0 T A SO R A4 £ S RN 5 5 W () AT
SPE  RERS R & LRSI FL R IR A 1R

S 30k

[1] WILD C P, WEIDERPASS E, STEWART B W. World Cancer
Report: Cancer research for cancer prevention [ M ]. Lyon:
International Agency for Research on Cancer, 2020.

[2] Spanhol Fabio A, Oliveira Luiz S, Petitjean Caroline, et al. A
Dataset for Breast Cancer Histopathological Image Classification.
[J]. IEEE transactions on bio — medical engineering, 2016, 63
(7): 1455-1462.

[3] Roy Soumya Deep, Das Soham, KarDevroop, et al. Computer
Aided Breast Cancer Detection Using Ensembling of Texture and
Statistical Image Features. [ J]. Sensors ( Basel, Switzerland) ,
2021, 21(11);: 3628.

[4] YANN LeCun, Yoshua Bengio, Geoffrey Hinton. Deep learning
[J]. Nature: International weekly journal of science, 2015, 521
(7553) : 436-444.

[5] SPANHOL F A, OLIVEIRA L S, PETITJEAN C, et al. Breast
cancer histopathological image classification using Convolutional
Neural Networks [ C] //2016 International Joint Conference on
Neural Networks (IJCNN) , 2016 2560-2567.

[6] NAWAZ M, ADEL A, HASSAN T. Soliman. Multi—Class Breast
Cancer Classification using Deep Learning Convolutional Neural
Network[ J]. International Journal of Advanced Computer Science
and Applications, 2018, 9(6) :316-332.

(7] 4R3CEl, RiEdR, MHa0E, 5. TP M 451 5L IRE 4 4
FRELEIR Y2 [ T]. HHEEAL TR 5 & 3T, 2020, 41(6): 1749
1754.

[8] Karl Weiss, Taghi M. Khoshgoftaar, DingDing Wang. A survey of
transfer learning[ J]. Journal of Big Data, 2016, 3(1): 9.

[9] RUSSAKOVSKY O, DENG J, SU H, et al. ImageNet Large
Scale Visual Recognition Challenge [ J]. International Journal of
Computer Vision, 2015, 115(3) . 211-252.

[10] SIMONYAN K, ZISSERMAN A. Very deep convolutional
networks for large —scale image recognition [ J]. arXiv preprint
arXiv: 1409.1556, 2014.



