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MAUNet: a lightweight model for skin lesion segmentation
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Abstract: The current depth learning segmentation algorithm has the problems of numerous parameters and high
computational complexity. Therefore, a lightweight algorithm (MAUNet) which combines UNet and multiple attention
mechanisms is proposed for skin lesion segmentation. The model integrates depth-wise separable convolution and gated
attention mechanism modules on the basis of UNet to extract global and local feature information, adopts the external
attention mechanism module to enhance the connection between samples, and uses the spatial and channel attention
mechanism modules to extract channel and spatial features. The MAUNet model realizes feature extraction and classification
on ISIC2017 skin disease public data set. Compared with the baseline model (UNet), the proposed model increases mloU and
DSC by 2.18% and 1.28% respectively, while reducing the number of parameters and computational complexity which were

only 2.1% and 0.58% of the baseline model. The experimental results show that the model can balance the number of

parameters, lower the computational complexity and perform well in segmentation and detection.
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Figure 2 Improved external attention mechanism
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Table 2 Ablation study of modules

FEHY Params/M GFLOPs/G mloU/% DSC/% ACC/%  Spe/%

UNet 0.11 0.07 78.26 87.89  94.02  96.09

UNet+DGA 0.08 0.06 79.15 88.47 9433  96.28

UNet+EA 0.15 0.08 79.30 88.43 9429  96.63

UNet+EAI 0.18 0.09 79.83 88.75  94.62  96.79

UNet+CBAM 0.12 0.07 78.94 8821 9436  96.61
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Table 3 Ablation study of channels

BHIBIERAS Params/M GFLOPs/G mloU/% DSC/% ACC/% Spe/%
{32, 64, 128, 256, 512} 7.77 13.76 77.98 87.55 9505  97.69
{16, 32, 64, 128, 160, 256} 1.32 0.48 78.49 88.15 9517  97.07
{8, 16, 32, 64, 128, 160} 0.53 0.15 78.40 87.89 9524 9775
{8, 16, 32, 48, 64, 96} 0.19 0.11 78.36 87.80 9516  97.08
(8,16, 24, 32, 48, 64} 0.11 0.08 78.14 87.77  95.09  97.32
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