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Bayesian estimation method for Compound Gaussian Clutter model
with inverse Gamma texture

XU Shuwen, WANG Le, ZENG Weiliang, SHUI Penglang
(National Key Laboratory of Radar Signal Processing, Xidian University, Xi’an Shaanxi 710071, China)

Abstract: Compound Gaussian Clutter(CGC) model has been widely used in fitting sea clutter with
high resolution and low grazing angle. The intensity distribution of CGC with inverse Gamma texture is
Generalized Pareto(GP) distribution. In real radar environment, it is very difficult to obtain large-size
independent and identically distributed clutter samples due to the non-stationary and non-uniform
characteristics of sea surface. Therefore, a Bayesian estimation method for parameters of GP distribution is
proposed. The parameters of GP distribution with small sample are obtained by updating the prior
knowledge of data online. Simulation results show that the proposed method can achieve more accurate
parameter estimation compared with the conventional methods when the prior knowledge is reliable.
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