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A Context—Aware Lightweight Medical Image Segmentation Method

Yang Jinquan, Hu Yongxiang”

Hunan University of Science and Technology, China Hunan Zhuzhou 412100

Abstract: We propose NeoMorphUNet, a lightweight medical image segmentation model designed for real-time clinical
analysis, edge device deployment, and resource-constrained platforms. While retaining the U-shaped architecture, this
model incorporates lightweight design strategies across three key aspects: feature extraction, enhanced skip connections,
and cross-layer fusion. Specifically, the CHC Block is constructed to enhance the extraction of multiscale contextual
information and directional structural features; the SAG Block is introduced to improve the target response capability
of shallow-layer features; and the GAF Block is designed to achieve efficient fusion of deep and shallow-layer features.
This approach maintains strong segmentation performance while reducing model complexity. Experimental results on
two public datasets demonstrate that the model remains highly competitive despite a significant reduction in the number
of parameters and computational cost.
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3 GLASHIE & HRL LI T 3R

CHC SAG GAF Params FLOPs Dice Acc mloU Recall Pre
X X X 17.263 30.771 88.20 89.66 81.26 87.50 91.95
V4 X X 2.749 5.134 83.88 86.86 76.72 88.58 83.89
vV vV X 3.186 5.174 83.36 86.06 75.51 86.37 84.82
Vv Vv vV 2.562 3.512 81.63 84.85 73.66 85.21 83.44
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