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Multi-Granularity Breast Cancer Pathological Image Recognition

Abstract:

Model Based on CAP-Net

ZHANG Danlei, BAI Yanping", CHENG Rong, XU Ting
(School of Mathematics, North University of China, Taiyuan 030051, China)

In the field of medical image recognition, the feature extraction of images is closely related to

the magnification of the image, so most models of breast cancer image recognition will perform experi-

ments at different magnifications. However, in practical applications, it is hoped that different magnifica-

tions of image information can be comprehensively utilized to comprehensively evaluate disease features

and improve patient treatment effectiveness. In response to the above issues and the challenges of tumor

classification in medical images, a classification model based on convolutional neural networks (CNN) and

context-aware attentional pooling (CAP) is proposed, focusing on tumor categories without relying on

specific magnifications. Firstly, the convolutional features of the image are extracted through CNN, and
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then the four levels of feature context information (including pixel-level, small-region, large-region and

image-level) are comprehensively considered by combining them with the CAP module for classification.
Using DenseNet121, MobileNetV2 and Xception three CNN networks combined with CAP, experiments

were carried out the on BreakHis dataset. Four data of the same category with different magnifications

were combined to identify eight types of breast cancer images. The accuracy of the model reached

96. 87 %, verifying its effectiveness in medical image classification.

Key words: context-aware attentional pooling; breast cancer pathological images; image recognition; con-

volutional neural network; multi-granularity image recognition
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Tab. 3 Subclass recognition results of the basic network model
and the CAP-Net model

F IR PR B AR R/ %
AlexNet!! 88.75
VGG16H9 87.62

ResNet50"7 91.87
GoogLeNet!'®! 88.83
InceptionV 3! 90.10

DenseNet1211%! 83.75
MobileNetV 2! 90.90
Xception? 85.99
CAP-DenseNet121 94.62
CAP-MobileNetV2 92.25
CAP-Xception 96.87
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Tab.4 Subclass recognition results of other literatures

SCiik YIGAERMMEAE L] BRSO R/ %
SCHiR[20] 7:3 63.6 GEMEF2)
Ek[21] 573 L E 95.95
ik[22] 8:2 92.03
k(23] 7:3 94.78
SCik[24] 8:2 95.50
AR AR 7:3 96.87

M 4 Rl DUE AR SO R D7 A AR AT LA
FERFSY , BR 2% Benhammou 56/ 5¢ T B T2 iF
FELASL , WER R0 54 TE T 0.92, 4.84, 2.09,
137 A4y, UM Ty Ik A stk . tesh, i
AR S AN ET X AR A R0 FLR e BEUR £ 40 2t
U ASCTHR 5 % ] Xk L M R 43 2 i
PRIV FH A — 7 pa ik



80 moa HOR ¥ R 2025 455 1)
A J g B2 E GRS [T]. IR AR 244, 2022,
3 & i 36(2): 93-100.

XoF LR UG AT 2 OB 2ol T 7
IR A\ — TR AR AR TE I R BT, & RE NS fE A
JT H e o) R LA g, L, R TE
2 I 2 R SO TR T Ak A LR 1R 1%
AT, it fE BreaKHis B4 b 105256 7] LA
FE, 275 A LA (I 5 7 vk W 3 RO AR IR
TR SRR, B SEBRING R G T —
Ko (BJE, TR 2 0 R R A
BARGEAE R D, ROk AT e 3w B 2 RS R | 42
b I B T S T SR A AT

SE Lk

[1]SUN K, LEI L, ZHENG R, et al. Trends in inci-
dence rates, mortality rates, and age-period-cohort
effects of female breast cancer-China, 2003-2017[J].
China CDC Weekly, 2023, 5(15): 340-346.

[ 2 ]SPANHOL F A, OLIVEIRA L S, PETITJEAN C, et
al. A dataset for breast cancer histopathological image
classification [J]. TEEE Transactions on Biomedical
Engineering, 2016, 63(7): 1455-1462.

[ 3JHE K, ZHANG X, REN S, et al. Deep residual
learning for image recognition[ C]//2016 IEEE Confer-
ence on Computer Vision and Pattern Recognition
(CVPR), 2016: 770-778.

[ 4 JKONE I, BOULMANE L. Hierarchical ResNeXt
models for breast cancer histology image classification
[M]//Lecture Notes in Computer Science. Cham:
Springer International Publishing, 2018: 796-803.

[ 5 1BRANCATI N, FRUCCI M, RICCIO D. Multi-
classification of breast cancer histology images by using a
fine-tuning strategy [ C ]//International Conference Image
Analysis and Recogition. Cham: Springer, 2018:
771-778.

[ 6 IRAKHLIN A, SHVETS A, IGLOVIKOV V, et al.
Deep convolutional neural networks for breast cancer
histology image analysis[ C]//International Conference
Image Analysis and Recognition. Cham: Springer,
2018 737-744.

[ 7 JFERREIRA C A, MELO T, SOUSA P, et al. Clas-
sification of breast cancer histology images through
transfer learning using a pre-trained inception resnet V2
[M]//Lecture Notes in Computer Science. Cham:
Springer, 2018: 763-770.

[8 ]R3, KA, 1=, 5. ETHEE LS LS

LIANG Meiyan, ZHANG Qiannan, REN Zhuyun, et al.
Research on identification of colon pathology image based
on attention mechanism[J]. Journal of Test and Mea-
surement Technology, 2022, 36 (2) : 93-100. (in
Chinese)

[ 9 ]BEHERA A, WHARTON Z, HEWAGE PR P G,
et al. Context-aware attentional pooling (CAP) for
fine-grained visual classification [cl// Proceedings of
the AAAI Conference on Artificial Intelligence, 2021,
35(2): 929-937.

[10] HUANG G, LIU Z, VAN DER MAATEN L, et al.
Densely connected convolutional networks [C]//2017
IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), 2017: 2261-2269.

[11] SANDLER M, HOWARD A, ZHU M, et al.
MobileNetV2: inverted residuals and linear bottlenecks
[C]//2018 IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR), 2018: 4510-4520.

[12] CHOLLET F. Xception: deep learning with depth-
wise separable convolutions [C]//2017 IEEE Confer-
ence on Computer Vision and Pattern Recognition
(CVPR), 2017: 1800-1807.

[13] HOCHREITER S, SCHMIDHUBER J. Long short-
term memory[J]. Neural Computation, 1997, 9: 1735-
1780.

[14] SELVARAJU R R, COGSWELL M, DAS A, et al.
Grad-CAM : visual explanations from deep networks via
gradient-based localization[J]. International Journal of
Computer Vision (ICCV), 2020, 128(2): 336-359.

[15] KRIZHEVSKY A, SUTSKEVER I, HINTON G E.
ImageNet classification with deep convolutional neural
networks[J]. Communications of the ACM, 2017, 60
(6): 84-90.

[16] SIMONYAN K, ZISSERMAN A. Very deep convo-
lutional networks for large-scale image recognition [J/
OL]. Computer Science, 2014. DOI: 10.48550/
arXiv. 1409. 1556.

[17]HE K, ZHANG X, REN S, et al. Deep residual
learning for image recognition [C]//2016 IEEE Con-
ference on Computer Vision and Pattern Recognition
(CVPR), 2016: 770-778.

[18] SZEGEDY C, LIU W, JIA'Y, et al. Going deeper with
convolutions [C]//2015 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), 2015: 1-9.

(F#E%5 95 11)



