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Abstract ; Aiming at the problems of speckle noise interference, blurred lesion boundaries and insufficient multi-scale feature capture in
medical ultrasound image segmentation, this paper proposes a lightweight network, MGA-Net, which integrates multi-scale feature ag-
gregation and multi-group channel shift strategy. This network reduces the model complexity while improving the segmentation accura-
cy through the introduction of the multi-group channel shift downsampling module (MgCSD) and the group aggregation bridging
module (GAB). The MgCSD module adopts the channel space shift strategy with scale-invariant convolution to establish the correla-
tion between center region details and edge contours through group cyclic shift operation. The MgCSD module employs a channel
space shifting strategy with scale-invariant convolution to establish the correlation between the center region details and the edge con-
tours through group cyclic shifting operation, which is combined with a global weighting enhancement mechanism to retain the multi-
scale texture features, and reduces the number of covariates by 30% ~40% compared to the traditional downsampling method; the
GAB module aligns the high-level semantic features of the encoder and the low-level detail features of the decoder through a depth-
separable convolution. GAB module aligns encoder high-level semantic features with decoder low-level detail features through depth-
separable convolution,and utilizes mask-guided grouped multi-scale cavity convolution to achieve efficient cross-layer feature fusion,
effectively alleviating the semantic divide problem. Experiments show that on the BUSI breast ultrasound dataset, MGA-Net achieves a
Dice coefficient of 93. 4% , an intersection-to-merge ratio IoU of 88. 9% ,an average symmetric surface distance ASSD of 1. 02 pixels,
and a parameter count of only 23. 8M, which improves segmentation accuracy by 6.2% while reducing computational complexity by
23% compared to U-Net. The visualization results show that this method has significant advantages in preserving the fine structure of
the lesion and suppressing the interference of artifacts, which provides efficient and reliable technical support for computer-aided diag-
nosis of clinical medical images.

Keywords :medical image segmentation ; multiscale features;null convolution ; convolutional neural networks
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Table 1 Effect of different number of subgroups of MgCSD module on model performance

Methods Dice(% ) IoU(% ) Precession( % ) ASSD( pix) Parameters( M)
Baseline + MgCSD(2) 89.6 £0.25 81.7 £0.21 86.2 +£0.05 1.94 £0.02 29.5
Baseline + MgCSD(4) 91.7 £0.27 85+0.31 88.9 +0.54 1.3+0.05 23.7
Baseline + MgCSD(6) 91.3+0.22 84.9 £0.36 88.5+0.26 1.45+0.01 23.0
Baseline + MgCSD(8) 90.9+£0.36 84.1+0.25 87.9 £0.50 1.68 £0.02 25.9
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Table 2  Effect of different modules on model performance

Methods Dice( % ) IoU(% ) Precession( % ) ASSD( pix) Parameters( M)
Baseline (U-Net) 87.2+£0.57 79.1+0.42 83.5+0.52 2.81+0.34 31.0
Baseline + MgCSD 91.7+0.27 85.0+0.31 88.9+0.54 1.3+£0.05 23.7
Baseline + GAB 91.8 £0.47 86.5+0.20 89.0+0.22 1.25 +£0.04 24.1
Baseline + MgCSD + GAB( Ours) 93.4+0.03 88.9+0.21 91.0+0.14 1.02 £0.01 23.8
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Table 3 Comparison of segmentation performance of different networks on BUSI dataset

Methods Dice(% ) IoU(% ) Precession( % ) ASSD( pix) Parameters( M)
U-Net[8! 87.2+0.57 79.1£0.42 83.5+0.52 2.81+0.34 31.0
U-Net + + %] 89.4 +0.45 82.3 £0.51 85.6+0.48 2.150.27 32.5
CResU-Net! ! 88.7 +0.60 80.9 £0.55 84.8 £0.62 2.40 £0.30 33.0
UltraLightUNet["] 90.10.50 83.5 +£0.47 86.2 +0.53 1.98 £0.25 24.3
TransUNet[2!] 91.5+0.35 85.2 +0.39 87.8 +0.41 1.75+0.20 35.5
Ours 93.4+0.03 88.9 +0.21 91.0 +0.14 1.02 0.01 23.8
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Fig. 6 Visualization of the results of the ablation
experiment and the comparison experiment
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