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Fig.1 The parameters posterior histograms of AM algorithm
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Table 1 The parameter estimated values of station precipitation series
' E c Cs
° AM 650.1890  0.2256  0.4507 16696
4.3 650.1370  0.2160  0.3538 19116
AM N . 650.1370  0.2148 04297 19670
x,Cy,Cs , 650.1370  0.2163  0.2475 19663
AM 579.7727  0.2327  0.5964 15052
1 3 579.4920  0.2230 0.6109 17287
: 579.4920 0.2186 0.4372 21317
, 4 AM
579.4920  0.2232  0.7504 16596
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Fig4 The design value fitting curve of AM algorithm
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Table2 The design values of station precipitation
9
4 P=0.1% P=1% P=10%
o
AM 1199.6 1039.5 843.8
’ ’
N 2 AM 3 1155.7 1012.9 834.6
. 1168.2 1018.4 834.3
1134.7 1002.6 833.7
5 AM 1114.0 951.6 758.8
, 1092.6 936.4 751.2
AM P—III 1050.7 914.1 746.6
, 1119.3 949.2 752.2
( 1 ) s AM 1303.0 1132.1 922.9
3 Edgeworth 1237.6 1093.3 910
AM , 1268.8 1108.7 911.6
1248.4 1099.3 911.6
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A Bayesian Method for Estimation Parameters of P-III Distribution Based on Randomly Weighted Prior

YIN Jian, SONG Songbai

(College of Water Resources and Architectural Engineering, Northwest A & F University, Yangling, 712100, China)

Abstract: The randomly weighted prior bayesian method was investigated to estimate the parameters of P-III distribution. The pa-

rameters prior distribution is determined by randomly weighted method, employing the AM algorithm to sampling analysis for the

posteriori distribution of parameters, and compared with the traditional hydrological frequency analysis methods, such as Moments

method, Maximum Likelihood method and Probability Weighted Moment method. The examples show that the parameters obtained by

the Bayesian AM algorithm has the minimum sum of squares of deviations between the measured samples and design values under

their frequencies. The AM algorithm is a feasible hydrological frequency analysis approach.

Key words: Bayesian method; randomly weighted prior; AM algorithm; parameter estimation



