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Research on a dual-branch multi-scale segmentation
network for skin cancer diagnosis
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Abstract: Dermoscopic image segmentation faces significant challenges due to complex lesion morphology, blurred
boundaries and noise interference. This study proposes a deep learning model named MelanoFusionNet, which employs
a dual-branch encoder composed of ResNet50 and an improved Mamba VSS module. A multi-scale attention fusion
decoder (MSAFD) is introduced to integrate both local and global information. Within the decoder, the extended kernel
grouped gate (EKGG) and the hierarchical scale-aware attention module (HSAM) enhance feature fusion and boundary
precision, while the depthwise upsample refinement block (DURB) improves reconstruction efficiency. The model is
trained with a weighted combination of Dice and boundary losses. Experiments on the ISIC2018 dataset demonstrate

that MelanoFusionNet outperforms mainstream methods across multiple metrics and provides reliable support for

computer-aided skin cancer diagnosis.
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Table 1 Quantitative evaluation results of the ablation study on the ISIC2018 dataset
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Table 2 Quantitative evaluation results of experiments with different networks on the ISIC2018 dataset
AL Sp Se mloU Dice HD95/ pixel

UNet 0.939 0. 898 0. 863 0. 831 29.903
UNet+ + 0. 946 0.927 0.877 0. 860 22.627
VMUNet 0. 964 0.920 0. 882 0. 855 20. 651
SwinDeepLab 0.923 0.922 0. 855 0.832 30. 641
Simpleunet 0. 897 0. 901 0. 819 0.786 30. 804
ScaleFusionNet 0. 955 0. 883 0. 870 0. 837 22.417
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Fig. 10  Visualized segmentation results of different networks
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