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Abstract: Active Contour Model (ACM) has become one of the most commonly used image segmenta-
tion tools. However, the existing algorithms are time-consuming and lead to a sharp decrease in segmenta-
tion accuracy when dealing with images with intensity inhomogeneity. Therefore, in this paper, a statisti-
cal paradigm was proposed for image segmentation by combining local image information. First, the im-
age was modeled using a new bias field model that decomposed the gray scale inhomogeneity of the image

into a component of the observed image. Compared with the traditional multiplicative bias field, the addi-
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tive bias field module enabled the energy generalization to extract the texture information of the image from
a new dimension. Next, a local information fusion strategy was used to compute the feature fitting maps in-
side and outside the contours. Finally, the statistical paradigm was utilized to portray the similarity be-
tween the feature fitting map and the original feature map. Thus, the newly designed energy generalization
deals with images with complex backgrounds by utilizing hierarchical local features, global spatial consis-
tency, and multiscale abstract representation. The experimental results show that for segmenting non-ho-
mogeneous medical images, the model in this paper requires only 50 iterations, while the other models are
all over 100; the algorithm takes only 8 seconds to run, but the rest of the models are much higher than 8
seconds. At the same time, the proposed algorithm was evaluated using objective evaluation indicators:
the average value of the DC indicator is 0. 985 1, the average value of the FP indicator is 0. 005 2, the av-
erage value of the JCS indicator is 0. 970 6, the average value of the P indicator is 0. 994 7, and the aver-

age value of the TP indicator is 0. 975 7. The model in this paper is able to extract more information about

the texture structure and is robust to gray scale inhomogeneity and initial contours.
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Tab.1 TIterations and running time (s) of the images in Fig. 7
Index Imagel Image?2 Image3 Image4 Imageb Image6
Method Iter/Times Iter/ Times Iter/ Times Iter/Times Iter/Times Iter/ Times
LBF 432/46.203 1  345/85.906 3  418/67.7813  218/44.8594  332/79.5938  373/38.5313
LIF 700/3.834 1 843/9.326 5 792/5.960 2 857/9.3855 821/9.016 4 800/4.474 8
FACM 140/7.007 1 186/13.3021 197/10.7217  217/15.367 2 227/15.875 2 212/9.876 0
LSACM 60/38.848 8 86/132.267 8 66/70.073 3 76/116.128 6 60/90. 687 1 68/48.262 5
ABC 225/9.536 9 320/30.5918 430/31.5813  420/40.9127  400/39.3289  350/17.102 2
GFLIF 100/6. 087 2 125/8.295 8 130/8.676 7 140/9. 652 4 145/9.768 2 150/9.899 0
HLFRA 140/6.552 8 175/9.547 6 192/9.382 2 183/9.982 2 200/11.1119 212/9.862 4
LSE-ADMM 400/3.557 3 468/7.596 5 512/5.6550 475/7.807 2 543/8.912 2 540/4.160 2
LPF 190/4.397 0 410/14.121 3 425/8.581 3 476/13.6205  389/13.3159 428/7.299 6
FRAGL 240/10.158 2 265/13.2414 278/11.9313  252/12.2212 315/15.2866  300/12.3570
SAB 40/3.1374 40/6.639 7 32/3.786 6 20/3.035 0 40/5.822 4 20/1.8317
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Fig. 8 Segmentation results for natural images
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Tab.2 Comparative results of objective evaluation indicators

Evaluation
indicators DC FP JCS P TP
Image ID ABC SAB ABC SAB ABC SAB ABC SAB ABC SAB

Imagel 0.8822 0.9805 0.0668 0.0022 0.7892 0.9617 0.9265 0.9977 0.8419 0.9639
Image2 0.8941 0.9852 0.1949 0.0069 0.8084 0.9708 0.8321 0.9930 0.9660 0.9774
Image3 0.7196 0.9876 0.3698 0.0041 0.5620 0.9756 0.6755 0.9958 0.7699 0.9796
Image4 0.9160 0.9863 0.0244 0.0095 0.8449 0.9731 0.9726 0.9904 0.8656 0.9824
Image5 0.5028 0.9857 0.4013 0.0034 0.3358 0.9717 0.5397 0.9965 0.4705 0.9751
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Tab.3 DSC and IoUs of fours images in Fig. 9 by eleven models(DSC/JCS)
Methods =1 #2 #3 #4

LBF 0.5351 0.3653 0.5333 0.363 6 0.7823 0.643 6 0.6009 0.429 5
LIF 0.157 1 0.085 2 0.036 7 0.0187 0.2025 0.1127 0.210 2 0.1174
FACM 0.967 1 0.936 4 0.658 2 0.490 6 0.9214 0.854 2 0.969 6 0.9410
LSACM 0.438 1 0.280 5 0.816 1 0.689 4 0.8778 0.7822 0.679 5 0.514 5
ABC 0.7690 0.624 6 0.900 3 0.8187 0.870 1 0.770 1 0.8416 0.726 5
GFLIF 0.9571 0.9177 0.977 4 0.9558 0.8599 0.754 2 0.8624 0.7580
HLFRA 0.9479 0.9010 0.987 5 0.9754 0.8778 0.782 2 0.8787 0.7836
LSE-ADMM 0.596 9 0.4254 0.9580 0.9194 0.8885 0.799 4 0.896 8 0.8129
LPF 0.1528 0.082 7 0.4512 0.2913 0.7989 0.665 2 0.660 1 0.492 7
FRAGL 0.226 2 0.1275 0.8227 0.698 9 0.409 6 0.257 6 0.595 6 0.424 1
SAB 0.9909 0.9819 0.990 0 0.980 1 0.995 0 0.990 1 0.995 8 0.9917
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Fig. 9 Segmentation results of real images
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