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Abstract: To address the sensitivity to initial contours and poor noise robustness in traditional level set
segmentation algorithms, this paper proposed a segmentation model based on global Gaussian distribution
and statistical norm metric. By fusing edge information with global region information, the model achieved
accurate target boundary extraction and enhanced robustness against initial contour placement and noise in-
terference. First, a novel global energy term was designed as the data term using a global information fu-

sion strategy. This term, combined with a regularization term, drove the initial contour toward target
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boundaries for precise region segmentation. Second, a global Gaussian distribution was defined to fit the
energy using the level set function, with global mean and variance treated as variables. Finally, energy
minimization was achieved through alternating level set evolution and estimation of global intensity mean
and variance during iterations. Experiments on synthetic, real, and natural images demonstrate that the
proposed model exhibits excellent segmentation performance for Gaussian noise, speckle noise, and salt-
and-pepper noise. Furthermore, the model outperforms other classical active contour models in terms of
segmentation accuracy and computational efficiency. The proposed model improves segmentation accuracy

for high-noise images, achieves effective target boundary extraction, and demonstrates superior perfor-

mance in both segmentation precision and computational efficiency.
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Fig.1 Segmentation results with different initial contours
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Fig.4 Segmentation results for different mixed noises
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Tab.3 Comparison of running time and iteration counts for model segmentation under different speckle noise levels
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Fig. 6 Segmentation results on images with different levels of Gaussian noise
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Tab.4 Running time and iteration counts of active contour models under different Gaussian noise levels

o 0.01 0.015 0.02 0.025
W /s RARUCEL N a] /s AU I 1] /s AR Ifra] /s AR EL
LBF 20.996 190 23.994 220 28.522 260 42.842 400
GRSF 22.842 1 000 27.576 1180 28.680 1280 35.678 1580
GLFIF 17. 588 500 18. 855 540 20.482 590 22.848 650
ABC 8. 666 500 9.498 550 11. 106 580 12.602 650
ALF 39.895 300 46. 409 350 50. 635 380 55.685 420
k[ 24 ] 9.8949 450 18.7557 785 18.416 3 820 19.729 1 850
GGDSP 1.974 150 2. 240 180 2.509 200 2.733 220
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Fig.7 Image segmentation results with different levels of salt-and-pepper noise
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Tab.5 Comparison of model segmentation running time and iteration counts under different levels of salt-and-pepper noise

0.05 0.1 0.15 0.2
BE
Wi /s EEARRE mE/s ARRE mhE/s o ERREL mhE/s SRR
ABC 5.282 40 5.465 50 6. 646 160 9. 807 260
LBF 433. 469 260 497. 833 300 537.106 320 594. 089 350
GRSF 138. 220 900 151. 279 950 160. 153 1 000 189. 004 1200
GLFIF 6.077 80 7.373 100 9.398 130 11.013 150
ALF 1 966. 090 200 2234.495 260 2 354.036 280 2 566. 090 300
SCHR[24] 39.879 2 120 51.3779 168 85.976 7 275 311.6856 915
GGDSP 13. 951 70 20.878 95 29.545 150 58.791 300
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Fig. 8 Segmentation results on images with different levels of Gaussian noise
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Fig.9 Segmentation results on images with different levels of speckle noise
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