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Application of Gaussian-Rayleigh Mixture Model in
Remote Sensing Image Segmentation

Hou Yimin Tang Yue Sun Xiaoxue Sui Wenxiu
College of Automation Engineering, Northeast Dianli University, Jilin, Jilin 132012, China

Abstract Among the remote sensing images segmentation methods, Gaussian mixture model (GMM) is the widely
used image model. Gaussian-Rayleigh mixture model (GRMM) is proposed, and it may be more suitable for remote
sensing image modeling. The difference between classical GMM and GRMM is introduced. The modeling results of
GMM and GRMM to the images are compared. The comparison data shows that the GRMM has less distribution errors
than the GMM when modeling the images. The entropy-max method is utilized to determine the optimal class
number. The Markov random field (MRF) and a new potential function is employed to segment the images. The
iterative conditional model (ICM) is used to calculate the maximum posteriori probability. Three remote sensing
images are utilized in the experiment, the fitting and segmentation results of GMM and GRMM are compared in the
experiment process. The data and segmentation results show that the proposed method is more effective.

Key words image processing; remote sensing image segmentation; Gaussian-Rayleigh mixture model; entropy-
max; Markov random field; potential function
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Table 1 Mixture model parameters table of image in Fig. 2

Class Gaussian distribution parameters Gaussian-Rayleigh distribution parameters
number 7 o w Fitting error 7 o w Fitting error
1 3.01 7.2 0. 069 * 42.7 *
2 45.5 65.78 0.137 18.4% 3.5 75.9 27. 38 9.2%
3 70. 2 273.38 0.794 0.071 0.139 0.79
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Fig. 3 1st image segmentation results using GMM and GRMM. (a) Original image; (b) segmentation result with GMM; (c¢)
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Table 2 Mixture model parameters table of image in the experiments

Experiments

Image 1(3 classes) Image 2(5 classes) Image 3(4 classes)

Class Number

1 1 2 1 2 3 4 5 1 2 3 4

1.34 130.6 248.2 5.151 45.23 90.14 165.9 254.6 30.1 53.8 152.2 229.9

Gaussian
o c 5. 05 1665 53.4 5.23 285.8 440.4 835.5 122.3 38.26 38.71 680.4 302.5
Distribution
P w 0.007 0.952 0.041 0.037 0.252 0.337 0.318 0.056 0.092 0.378 0.521 0.009
arameters
error 8.4% 6.8% 15.4%
1.38 * * * 46. 1 * * 254.3 30.2 54.1 * 229.5
Gaussian-Rayleigh #
o o 5.2  65.78 7.38 3.2 286.2 38.42 37.38 124.5 38.34 39.1 35.38 302.5
Distribution
w 0.007 0.949 0.044 0.036 0.306 0.374 0.231 0.053 0.101 0.430 0.459 0.010
Parameters

error
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Fig. 6 Compare results for segmentation time in the experiments
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