SR 2005 4 W25 B M B R 5T ISSN 1671—1815 33

T 2025, 25(8) : 03280 -08 Science Technology and Engineering CN 11—4688/T 3
] LAy

DOI:10. 12404/j. issn. 1671-1815. 2402339
SIS Tildh, T35, TR M AR B B B 26 [T]. Bhes RS T/, 2025, 25(8) : 3280-3287.
Wang Yibei, Wang Fang. Skin cancer image classification based on capsule network [ J]. Science Technology and Engineering, 2025, 25

(8): 3280-3287.

BEURER GTENKR

BT EM SR RIKEE KRS E

FikfE, L5
(FEIL R 2EFR2ERE, 2255 066004)

#‘ WORERES KBS AEF GRS R X 2 RITHD, LIRARAZEM AT RELE LRGSR E, Ak &
% A RE IR B AR AR e R 45 T HOK SOt AR B A 42 38 T ResNeXt 5 I8 % M) % 2 3% 69 Rs-Capsnet M %, & £ £ A ResNeXt
%9 3 5] [0 B AR AR, A B Inception B3k Fr 7%, £ i B4R BUR EAFAE ;3833 CBAM E & A ALK I AR T H 4 L4

L,i']}]’ R, R MRS ERE DR GEERE TR, E, R B MER LR AR T, &R AN Rs-

Capsnet £ Bk B BB 5k LRI T ARG AL,

KB AR R E ML, ResNeXt; A% %4k ; Rs-Capsnet

hElES RS TPIST, SCHkbRERD A

Skin Cancer Image Classification Based on Capsule Network

WANG Yi-bei, WANG Fang”
( College of Science, Yanshan University, Qinhuangdao 066004, China)

[ Abstract] Capsule networks can encode the properties and spatial relationships of skin cancer image features, thereby overcoming
the disadvantage of information loss in the pooling process of convolutional neural networks. Aiming at the problem that only shallow
features can be extracted and the convergence performance of the squash function in capsule networks, a ResNeXt cascaded with
capsule networks was proposed for Rs-Capsnet networks. Firstly, the complex features of the image were learned using the ResNeXt
network. The Inception module and the residual connection were used to extract the deep features, and the weights of the feature map
were adjusted and delivered to the capsule module through the CBAM attention module. Then, an improved squash function capsule
network was used to complete the classification. Finally, the improved network was compared with mainstream models. The results
show that Rs-Capsnet exhibits better performance in skin cancer image classification.
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Table 2 Comparison of model accuracy
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Capsnet ' 84.76 78. 48 73.06
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EfficientNetv2 multi-scale! ') 91.20 89.71 91.30
SCSO-ResNet50-EHS-CNN ! 91. 54 91. 44 91. 40
Rs-Capsnet 92.95 81.04 81. 00
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