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Randan W eighting BayesM ethod to Detemm ine the Prior— nformation
D istrbution of Rockm assM echanical Param eters
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(L Depariment ofH ydrau lic Engneering TsnghuaUn wersity, Beijing 100084 China
2 School ofU rban Constuiction U niversity of South Ch na H engyang H unan 421001, China)

Abstract The pror distrbution must be used in the statistical process of mechanical pa-
ram eters of rock mass by Bayesmethod but there often appears the situatbn that the prior
nfomation is frequently too little to detem ne the prior distrbuton In order to detem ine
the pror dstribution under snall sanples the randan weghtng samp Ing techn ique was
used to simulate he population distribution of the pror nbmation based on the regenera-
ton sanp le of mechanical paran eters of rock mass thus the average value and he variance
of he prbor infom atbn statistical distribution of mechanical paraneters of wck m ass was
obtaned Substitute he obtaned average valie and varance and he current sample distr-
bu tbn inform atbn to the Bayes fomula then there canes the detem inatbn of he posterior
distrbu tbn of mechanical paraneters of rock m ass The sinulation example proved that

this method had a higher accuracy canpared to the classical paran eter estinatbnm ethod
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when estmating them echan ical parameters of wck mass
Key words rock mechanics bayes randan weightng small sanples
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Fig 2 Randam w eighting sam ple histogran
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Tabk 1 Canparison table of ehsticity m odel
B ayes
N(JT, 02) N(JT’ 02) B 02 (:ﬂ; 02)
(40 1) (40 181 Q 68) N (39937 1 232) N(Q 74 1 442) (40 118 Q 89)
(4q 3) (40 120 6 13) N (40015 Q 742) N (7 152 012) (40 010 7 35)
(4Q 4) (39 773 11 08) N(39768 1 112) W(4 88 13 40 2 30) (39 832 16 29)
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