WARFZHR(BARFE49(2) : 284—294,2026
Journal of Shanxi University (Nat. Sci. Ed. )

DOI: 10.13451/j.sxu.ns.2024087

HTF CNN 5 Transformer A5 AL I w28 53 J N 4%

CRIERS (7B TR LT ki 116622)

B OEANEBRRTEEENMKETSA RS, AAN S ELEAM TR, HFE L LA LR AFR G
A, AP T 3% ¥ & Transformer A2 3k Fo 37 09 B AR 4P £ W 24 (Convolutional Neural Network, CNN) % Transformer
2L KB VLRI P 2 AR BB SRR 18 K S R ARk B M AR T E R AL R R KT AR A RGN LT
"), 5% 4R Transformer ¥ #r NP 7 8t 47 B Z 45 AR R UG BEAT T 90 B 82 13 R KRR m 1 K 38009 4 B 4
FEAZ B, FF AR S Transformer 3+ 38 K 69 52 14 5 37 Rk 2045 A ) 25 3%, B 04 4 B ba T 35 AR 43 8. 5 IR B 0938 SR A3
BoRARI Mg ok B, £ HAMI0000 4035 45 L o9 200 48 R R0, TR Lok B3R 3847 3 T R fb st 300k, Rl ad
R GEHRBFE2307 3T TR AHEABRESET LA ETEE L,

KW B E RBRORE S X B RA M % ; HAM10000

FESES:TP391 MHERPREE: A XEHE:0253-2395(2026)02-0284-11

A Lightweight Classification Network for Skin Lesion Based on the
Hybridization of CNN and Transformer
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Abstract: Existing classification algorithms often suffer from a large number of parameters, high computational complexity, and sub-
optimal classification performance in classifying skin lesion images, due to their uneven distribution attibutes. To address this issue,
in this paper, we propose a lightweight transformer module and a novel strategy that combines Convolutional Neural Network
(CNN) with Transformer to enhance network classification performance. Additionally, we adopt an inverse class loss function
weighting scheme to mitigate the impact of imbalanced image category distribution during training. The lightweight transformer ex-
tracts essential features from input sequences, and performs separable self-attention computations to capture global feature informa-
tion from skin lesion regions. This approach addresses the computational limitations of traditional transformer. Furthermore, our new
strategy effectively integrates shallow global detail features with deep semantic features, enhancing the network's expressive ability.
Experimental results on the HAM10000 dataset demonstrate that our algorithm outperforms other comparative methods in terms of
evaluation metrics. Remarkably, we achieve these results while maintaining a model size of only 2.3 million parameters, which holds
significant promise for advancing automatic skin lesion classification tools.
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(a) Separable self-attention calculation; (b) Calculation of contextual score c,; (c) Calculation of contextual vector c, .
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Table 3 Comparative experiments on classical networks
PEN DR ; Ui - — . -
MobileNetV2 Resnet50 DenseNet121 ViT16 MobileViT Cross—MCViT
Specificity 95.03% 94.99% 95.13% 95.40% 95.59% 96.43%
Sensitivity 66.70% 64.00% 65.91% 63.48% 70.58% 74.04%
Precision 73.75% 67.63% 68.27% 60.62% 74.19% 75.73%
F1-Score 70.60% 65.77% 67.08% 62.02% 72.34% 74.87%
Accuracy 82.50% 82.05% 82.55% 78.50% 83.55% 85.15%
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Table 4 Comparison experiments on improved algorithms 1
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Table 5 Comparison experiments on improved algorithms 2
PR . . o o L . . - .
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Fig. 8 Visualization results of Grad-CAM heat map
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