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[ Abstract] Endometrial cancer (EC) is one of the most common gynecological malignancies, with an increasing
incidence rate worldwide. Accurate segmentation of lesion areas in computed tomography (CT) images is a critical step in
assisting clinical diagnosis. In this study, we propose a novel deep learning-based segmentation model, termed spatial
choice and weight union network (SCWU-Net), which incorporates two newly designed modules: the spatial selection
module (SSM) and the combination weight module (CWM). The SSM enhances the model’s ability to capture contextual
information through deep convolutional blocks, while the CWM, based on joint attention mechanisms, is employed
within the skip connections to further boost segmentation performance. By integrating the strengths of both modules into
a U-shaped multi-scale architecture, the model achieves precise segmentation of EC lesion regions. Experimental results
on a public dataset demonstrate that SCWU-Net achieves a Dice similarity coefficient (DSC) of 82.98%, an intersection
over union (IoU) of 78.63%, a precision of 92.36%, and a recall of 84.10%. Its overall performance is significantly
outperforming other state-of-the-art models. This study enhances the accuracy of lesion segmentation in EC CT images

and holds potential clinical value for the auxiliary diagnosis of endometrial cancer.
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Fig.1 Overview of SCWU-Net architecture
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Fig.2 The architecture of the SSM
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Tab.1 Results of ablation experiments with different convolu-

tional kernel settings

LRI E DSC IoU precision recall

3x3—-5x%x5 74.68% 72.11% 90.78% 74.68%
5x5-7x7 82.98% 78.63% 92.36% 84.10%
7X7—-9%x9 71.84% 69.37% 89.12% 71.84%
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Tab.2 Results of ablation experiments
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FERER + JF T B% 75.35%  73.11%  91.77% 78.23%
SCWU-Net 82.98% 78.63% 92.36%  84.10%
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Fig.4 Comparison of different modules in the ablation study

(57.62%) Fll recall (59.34%) 1 4 & (R ik, B0 ik
B P B 2R ) T, 2% I 52 A AR AR I PR A 780 2%
T, R 2 )2 G FUZ T TR A, Trans-
AttUnet {6 e IR )2 F#1E B N transfromer 2514,
ZA T RZRHERE S AT SR E R Ak,
AH FE TR 2 RRIE A 52 A= A B, At JZ2 4 i S8 o i
PR B BRI B, SRR S BRI [R] A9 1 L
2 RRA R, SCI R R, A SOy vk it
[FIEAE 2 ROBEFFAESEEN, RENE 4 1T b A Lt DXk
P AS FNSCRRAFAE, fe 2655 B0 T iy 58 LV g 2
1 [ 3o #IRCR

N HEWLE R SCWU-Net 5 H At HoA A 43
HIPERE 22 5, A SCE R R YE 2 25 R kA T
FEMEXT AT WKl 5 7, SegNet PRIk = 1577
515, MELIE RO AR A 5 A REE, SR B g
RAFFEI] B 52K DeepLabv3+3& T # H bRkl
SR, 6 I FEBOR A K XU 2, A
TER Z Ik SR 2T LY AttU-
Net, EA-UNet fll MBSNet 5% B SR jj b 3= 7R 5 51
e WS B, (L B A X IO b B 3 S
e 1 BE 4TS N A2, SO B o I PR 2 PR
TransAttUnet 1Y W25 5244 5 EC i k4 PR3 fic A
A, A EI O AR SY, 5 B SR AA ] 2
5. HTC-Net K transformer 4514 2 0 pr vl 5 FH

®3 A REERTE ECPC-IDS HiE&E #1452 1EAERT tL
Tab.3 Comparison of segmentation performance of different
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TransAttUnet 2022 57.62%  57.27%  94.26% 59.34%
MBSNet 2023 75.11%  73.59% 97.37% 75.11%
HTC-Net 2024 73.39% @ 71.42% @ 92.15% 73.39%

SCWU-Net 2025 82.98% 78.63% 92.36% 84.10%
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