5 46 B4 2 3] PSR 74T (AR ) Vol. 46 No. 2
2023 4 6 H JOURNAL OF NANJING NORMAL UNIVERSITY ( Natural Science Edition) June,2023

doi:10.3969/j.issn.1001-4616.2023.02.012

FLIPs 9 B 7 PG R 5 kb L2 S5 AR it S 20 1 I 4%
PO T A

(LR EE 2R E 2SR 5T B, LR B 250355)
(2R PR RF B2 N TR RER T L, ILAR 5 266112)
BALARPEZ KT S EARER, LR 55 266112)

CHE] S L G P PR 30— LA 6 DR 6 FLAE LB e 1 FE 95, 6 LIRS 19 2 I AT TR B3 L
AT UL 251 PR SR IE 18 45 75 PR A, SO S e — A B L, 83
1 S, ST GEHLIR OR5E 25 F 2R BCHR R, BT L 3504 IR0 L A T4 5 50 9 0, 52
LR P8 L 25 RS 0 U5 40 . 5590 9 T, A SO O 7 702 9 5 0 45 7 R 0 2 1
m-ACC H 0.977,m-loU H 0.878, m-Dice 4 0.932, kT BAT 4 BIELA , 43 #1255 i M 4 165 AR 12 Wi 5% | i 2L
SR L A5 R ORI 12 .

[EgIA] WEREMRAS, PRAME, VRIE % RS PR, Sh s

[FESZES]TP391 [ XEFRFEB A [ XEHS ]1001-4616(2023)02-0092-07

Features Guidance Axillary Lymph Nodes Network for

Breast Cancer Segmentation
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Abstract : Ultrasound image segmentation of axillary lymph nodes is a clinically valuable and challenging task , which is of
great significance for the diagnosis of breast cancer. In order to improve the clinical segmentation accuracy of axillary
lymph nodes, Aiming at the characteristics of axillary lymph nodes ultrasonic images, on the encoder decoder
architecture , this paper designs a feature guidance module to achieve efficient feature fusion and coefficient exploration in
feature extraction,and on this basis, the features guidance network of axillary lymph nodes is proposed to achieve accurate
identification and segmentation of axillary lymph nodes in ultrasound images. Experiments show that on the dataset of 712
axillary lymph node ultrasound images,the m-ACC of this algorithm is 0.977,the m-IoU score is 0.878,and the m-Dice
can reach 0.932, which is better than the existing segmentation model, and the segmentation results can be used as a
clinical diagnosis reference to assist in the accurate diagnosis of axillary lymph node metastasis in breast cancer.

Key words : Axillary lymph nodes,image segmentation,deep learning, ultrasonic images , segmentation network
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Fig. 1 Axillary lymph node features guide the segmentation network structure diagram
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Fig.2 Structure diagram of the feature guidance module
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Table 1 Axillary lymph node segmentation versus experimental results
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