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Multi-level Feature Group Aggregation UNet for Skin Lesion Segmentation
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Abstract: The precise segmentation of dermatological lesions is a crucial research task in computer—aided skin disease diagnosis, providing
vital diagnostic evidence for physicians. Although improved networks based on UNet have made significant progress in the field of image seg-
mentation, they often overlook the integration of mask and multi-level information, thus limiting segmentation accuracy. The introduction of
Transformer helps improve segmentation accuracy, but it also significantly increases network parameters, potentially leading to increased com-
putational complexity and model deployment costs. To address these issues, we propose a skin lesion segmentation network based on Multi—lev-
el Feature Group Aggregation UNet (MFGA—UNet) , which can fully integrate mask information and multi-level information while ensuring a
low parameter count, achieving high accuracy and lightweight skin lesion segmentation. In MFGA-UNet, we first replace standard UNet con-
volution blocks with improved bottleneck convolution modules. Secondly, we introduce a multi-level feature group aggregation module to opti-
mize the network’s skip connections, effectively integrating mask information and multi-level features, enriching the feature hierarchy. Final-
ly, we utilize deep supervision techniques to improve the loss function, computing losses from decoder layer outputs, optimizing the model
training process. Evaluation on the ISIC2017 and ISIC2018 skin disease datasets shows that MFGA-UNet has only 10.246M parameters and
outperforms six existing medical image segmentation networks, with Dice coefficients reaching 94.273% and 90.028% on the two datasets, re-
spectively.
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Fig. 5 Experimental result
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Fig. 6 Experimental result
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Table 2 ISIC2017 dataset results Table 3 CVC-ClinicDB dataset results
F2 ISIC2017 HiRELR %3 CVC-ClinicDB $iE &£ R
A Params/M Flops/G Dice/% ToU/% i Params/M Flops/G Dice/% 1oU/%
UNet 14.752 25.185 93.654 89.238 UNet 14.752 25.185 90.766 84.475
MultiResUNet 7.251 17.359 90.885 84.241 MultiResUNet 7.251 17.359 84.279 77.731
Swin—UNet 27.146 5911 91.675 85.363 Swin—UNet 27.146 5911 75.775 66.086
SMESwin—UNet 169.768 6.240 91.291 84.891 SMESwin-UNet 169.768 6.240 75.810 65.752
UCTransNet 66.242 32.984 94.220 89.877 UCTransNet 66.242 32.984 91.804 85.710
ACC-UNet 16.771 45.337 93.195 88.290 ACC-UNet 16.771 45.337 91.110 85.260
MFGA-UNet 10.246 20.807 94.308 90.262 MFGA-UNet 10.246 20.807 91.436 85.603
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Fig.7 CVC-ClinicDB experimental result
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Table 4 Ablation experiment
F4 HELCIG

TR L RFRW, 34 (A

[t Dice/% 1oU/% Params/M
Baseline 89.175 82.344 7.765
Baseline+MFGA 89.716 83.070 9.361
Baseline+IBConv 89.301 82.568 8.651
Baseline+Loss 89.663 83.004 7.766
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