2025 4 45 39 % 45 6 ) mow ® AR F WK Vol.39 No.6 2025

CREE 174 3D JOURNAL OF TEST AND MEASUREMENT TECHNOLOGY (Sum No. 174)
XEHS: 1671-7449(2025)06-0680-09 T. Test Measur. Technol., 2025, 39(6) : 680-688.

ETEMIGEE AN IR ERER GRS E

Kok, A, £ R

(bR Feesabe, v oKJs 030051
o OE. HHMZL N (Convolutional Neural Networks, CNNOAE & 20 405 Bl BRI 2K T e &5 T A
Iz o6 . SR, Bh— CNNBCE B FURE T —Br e it , ARESiR AR E R, 1 H P34 Ak 2 i R
FHIEFIRRE IS, 20 TR ZRHE (I g ) I B 4t TR, 55T Dense SERRH T HEG
1 B X 32 7 7 41 (Higher-order Dual Attention Mechanism , HDAM) 5137 22 14k )2 (Covariance Pooling, CP)
(LA gz EE R 43 AR . HDCP-Dense, HH, HDAM MEHCSEEL T 38 38 A2 [0 20 ag 5., gk TR
G0 42 Jey HAMEEAE ; CPRAVEFE T il Id —Ak, AU T A2 B iG , 38— 25 B T RRE Y i By
{55 7€ BreaKHis B84 1 (5% LU 5246 R izt 158 W1 2R 8 14 43 SR 4 die i 136 98. 67 %4, A 850 SE 30
T FL R E BRI 2

KA FUBER LR 2 BT Al ST BB Dense ik

hESES: TP391 SCHRFRIAFS: A doi: 10. 62756/ csjs. 1671-7449. 2025066

LA PR, WL, FRA . BT R U R Ty ML L e B AR O 2R [T ], MR 22 4,
2025, 39(6): 680-688.

HE Lingfei, HU Hongping, CHENG Rong. Classification of breast cancer pathology images based on higher-order
dual attention mechanisms[J]. Journal of Test and Measurement Technology, 2025, 39(6): 680-688.

Classification of Breast Cancer Pathology Images Based on Higher-

Order Dual Attention Mechanisms
HE Lingfei, HU Hongping", CHENG Rong
(School of Mathematics, North University of China, Taiyuan 030051, China)
Abstract: Convolutional neural networks (CNN) have attracted much attention as a classification method for
histopathological images. However, the convolution of a single CNN model relies only on first-order statistics,
which cannot describe the global information, and the average pooling layer has a weak ability to express local
features, ignoring the subtle complexity of capturing nonlinear deep features (second-order statistics).
Therefore, this paper proposes a breast cancer pathology image classification model based on the Dense model
with joint higher-order dual attention mechanism (HDAM)and covariance pooling(CP) layer: HDCP-Dense,
in which the HDAM module implements the interaction between channel and spatial attention and captures the
global complementary features of the image; the covariance pooling (CP)layer adopts matrix square root
normalisation, which not only solves the defects of the average pooling layer, but also further enhances the
higher-order information of the features. Comparison experiments on the BreaKHis dataset and ablation
experiments illustrate that the classification accuracy of this paper’s model, HDCP-Dense, can reach up to
98.67% , effectively achieves the classification of breast cancer pathology images.
Key words: classification of breast cancer pathology images; covariance pooling (CP) ; higher-order dual
attention mechanism(HDAM) ; Dense net
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Tab.7 Results of ablation experiments for each model at different magnificatioes
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