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Multi-scale feature weighted fusion and group gated attention UNet
model for segmentation of endometrial cancer lesions in
contrast-enhanced T1WI
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[Abstract] Objective To observe the value of multi-scale feature weighted fusion (MSWF) and group gated attention
(GGA) UNet (MGA-UNet) model for segmentation of endometrial cancer (EC) lesions in contrast-enhanced T1WI (CE-
T1WD. Methods CE-T1WI data of 327 EC patients were retrospectively enrolled and divided into training set (n=261)
and validation set (n=66) at the ratio of 8 :+ 2. Taken UNet as the backbone network, MSWF module and squeeze-and-
excitation (SE) module were introduced into the encoder, and GGA mechanism was introduced into the skip connections,
then a MGA-UNet model was constructed. The efficacy of the MGA-UNet model for segmenting EC lesions in CE-T1WI
was observed and compared with other mainstream segmentation models. Results The accuracy, Recall. intersection over
union and Dice similarity coefficient of MGA-UNet model for segmenting EC lesions in CE-T1WI was 96. 84% ., 95.73%,
92.37% and 88.96%, respectively, all superior to UNet, UNet + +, Attention-UNet, SegNet, Swin-Unet and
DeepL.abV3+ models. Conclusion MGA-UNet model could be used to automately segment EC lesions in CE-T1WI.
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