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Table 4 Real and estimated values of the Gamma distribution parameters for real SAR images

B B S8 | d4iHE/ESEE) 11 (ff M/ 809218 M/ A S E) V(& B/ L) V (i HE B EH)
a 29.3/28.2 14.3/15.1 18.4/18.1 — —
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. B 6.6/6.8 3.129 6.6/6.6 — —
R
o 4/12.2 4/14.2 4/26.9 — —
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B 32.8/10.8 10.9/3.1 48.1/7.2 — —
a 31.3/31.7 17.4/17.3 19.6/19.6 17.8/18.4 —
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B 6.7/6.6 6.6/6.6 24/2.4 1.771.6 —
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a 4/14.1 4/17.4 4/24.6 4/12.4 —
EM
B 7.6/2.1 11.7/2.7 51.9/8.4 27.8/8.9 —
a 22.6/22.9 16.2/16.4 5.6/5.8 21.9/21.9 55.5/55.7
ECM
8.0/7.9 23722 2.3/22 5.1/5.2 4.0/4.0
54513
a 4/16.7 4/12.8 4/29.9 4/17.8 4/6.9
EM

g 29.2/7.0 9.0/2.8 53.6/7.2 44.7/10.0 2.7/1.5
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Fig. 7 Fitting the histogram and Gamma distribution estimated by the EM algorithm for homogeneous regions
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ECM-based segmentation for multi-look SAR image

ZHANG Yinghai, LI Yu, ZHAO Xuemei, ZHAO Quanhua

Institute for Remote Sensing Science and Application, School of Geomatics, Liaoning Technical University, Fuxin 123000, China

Abstract: The intensities of pixels in images of multi-look Synthetic Aperture Radar (SAR) are usually modeled by gamma distribution. To
obtain a segmentation result, the parameters that indicate the distributions should be estimated. However, traditional expectation maximiza-
tion (EM) algorithm cannot approach the shape parameter through taking partial derivation of the likelihood probability. Thus, to solve this
problem, the shape parameter should be made equal to the number of looks, and only the scale parameter should be estimated. Nevertheless,
the conclusion is obtained under the assumption that a pixel is constructed by infinite scattering units, which is impossible especially in high-
resolution SAR images. Apparently, that assumption is unreasonable and will lead to inaccurate estimation of the corresponding parameters.
Moreover, gamma distribution with fixed-shape parameter cannot completely describe the characteristics of intensity distribution in multi-
look SAR images. Thus, this paper proposes a scheme for solving the parameter based on Expectation/Conditional Maximization (ECM) al-
gorithm and develops a new segmentation algorithm for muiti-look SAR images. First, the neighborhood system on the label field is con-
sidered, and Markov random field model is employed to define prior distribution. Then, intensities in each homogeneous region of a multi-
look SAR image are modeled by gamma distribution, in which both shape and scale parameters are considered as variables. Finally, the
gamma distribution along with the prior distribution constructs the posterior distribution, on which purpose it should be maximized. In this
paper, Metropolis-Hastings algorithm is used as a random sampling method in estimating the marginal posterior probability model and chan-
ging the labels of each pixel. However, the estimation of the shape parameter remains a problem because it cannot be solved through partial
derivation. ECM algorithm introduces the Newton iterative method to approach the real value of parameters, which cannot be directly solved
from an equation. Therefore, shape parameter is evaluated by ECM algorithm, and all variables are obtained ultimately. The proposed al-
gorithm is applied to simulated and real multi-look SAR images. Experimental results show that the proposed method can accurately estim-
ate shape and scale parameters of gamma distribution. The proposed algorithm's user, product, and total accuracies, and kappa coefficient are
all higher than those of the EM algorithm’s, and the estimated values of the algorithm are much closer to the real values. The proposed al-
gorithm can estimate the parameters of gamma distribution and the corresponding reality of the label field under the circumstance of maxim-
ized posteriori probability. Experiments on simulated and real multi-look SAR image verify the effectiveness and feasibility of the proposed
algorithm, and the shape and scale parameters of gamma distribution can quickly converge to their stable state in a considerably short time.
The ECM algorithm introduced in this paper can estimate the value of the shape parameter in gamma distribution, which is treated as the
number of looks in the traditional EM algorithm. Thus, the connections between different looks are included in the distribution, and the cor-
responding segmentation results are improved.

Key words: multi-look SAR images, ECM algorithm, image segmentation, histogram fitting
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