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Fig. 1 Algorithm structure of adaptive Gaussian

cloud transform
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Fig.2 RBF neural network topology
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Tab.1 Relevant parameter indicators
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Fig.3 Results of data clustering analysis by algorithm
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Fig. 4 Cross section of Zipingpu Dam
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Fig.5 Finite element model of Zipingpu dam
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Fig. 6 Acceleration time histories of model
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Tab.2 Dynamic parameter inversion range
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Fig.7 Schematic diagram of * T4 peak acceleration cloud transformation
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Tab.4 Inversion results of dynamic parameters of
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Inversion Analysis of Dynamic Parameters of High Panel

Rockfill Dams Considering Concept of Uncertainty
SONG Zi-yi' , HAN Peng-ju' s MA Cong' ,ZHANG Hong-yang'”’

(1. School of Water Conservancy, North China University of Water Resources and Electric Power.
Zhengzhou 450046, China;2. Collaborative Innovation Center of Water Resources Efficient Utilization and
Protection Engineering of Henan Province, Zhengzhou 450046, China)

Abstract: Most existing parameter inversion methods of the dynamic constitutive model parameters do not take the
concept of uncertainty into account. Therefore, the adaptive cloud transformation algorithm (AGCT) was combined with
RBF neural network (RBFNN) to construct an adaptive cloud neural network parameter inversion model (AGCTNN),
which converts the uncertainty concept into quantitative values and better takes into account the influence of the random-
ness and ambiguity between dam systems on the inversion of dynamic parameters. AGCT was compared and analyzed
with three traditional clustering algorithms, K-Means, SOM and DBSCAN, to verify the superiority and feasibility of the
algorithms. The inversion analysis was then carried out on engineering examples using two inversion models, AGCTNN
and RBFNN. The results show that the positive coupling results of the proposed inversion model are in better agreement
with the measured values, and the error range between the measured and inverse values of peak acceleration at measure-
ment points is reduced from 8. 73%-25.17% to 2. 31%-8. 16 % , which confirms the reasonableness of the inversion model
and the possibility of its application in practical engineering.

Key words: earth-rockfill dam; equivalent linear model; parameter inversion; adaptive cloud neural network; cloud

transformation; RBF neural network





