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Dam settlement prediction based on metabolism unbiased
Grey-Markov model

HE Zi-1i' , YANG Jian-guo',JIN Guo-yun®,LIU Yun-feng', LIANG Qian', MA Xiao-yi'
(1 College of Water Resources and Architectural Engineering s Northwest A& F University sYangling s Shaanxi 712100, China;
2 Power and Mechanical Engineering School sWuhan University s Wuhan , Hubei 430072, China)

Abstract: [Objective)] Based on Grey system theory and Markov chain prediction method,a combined
prediction model was developed to support the prediction of dam settlement in medium and long-term.
[Method] Firstly improvements were implemented to diminish the inherent bias of the conventional Grey
model, simplify the modeling procedure and make it more suitable for long term prediction. Then, Markov
chain prediction method was used to modify the prediction of the improved Grey model to capture the pre-
diction errors and improve the prediction accuracy. Additionally considering the principle that new informa-
tion has higher priority in prediction process,a combined model,named metabolism unbiased Grey-Markov
(MUBGM (1,1)-Markov) model, was developed. The combined model was used to predict the settlement
of a dam. [Result] Results of empirical study indicated that the average prediction error of MUBGM (1,1)-
Markov model was 1. 0%, less than that of the traditional Grey model (the average prediction error was
1. 7%) with the volatility of the prediction error decreased. At the same time, with the prediction period in-
creased, the prediction error of MUBGM (1, 1)-Markov model decreased to be even more stable than the
traditional Grey model. [Conclusion] Compared with the traditional method, the MUBGM (1, 1)-Markov

model had the higher prediction accuracy with less amount of calculation resource consumption. It improved
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the long period prediction accuracy of the dam settlement, while kept the short period prediction accuracy

using the traditional Grey model. This model is capable of predicting accurately the settlement of dam in

medium and long-term.

Key words: dam;settlement prediction; UBGM(1,1) model; Markov
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The comparison of observed values of an earth rockfill dam settlement and predictions by two models

M A5 A Predictive model
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1 8.58 8. 580 0 0. 009 8. 580 0 0.114
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Table 2 Accuracy test and comparison of UBGM(1,1) model with optimized UBGM(1,1) model
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0.61

0.56

Y5 22 RAH (Co) IR ZEMEFE (po)
Mean square deviation ratio  Small error probability
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Table 3 State transition of the dam settlement
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T
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E, 0 2 0 0 2
E, 1 0 0 2 3
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Table 4 Prediction of state vector in dam settlement

JA I Period

State vector 11 12 13 14 15
E, 0. 500 0. 250 0.292 0. 146 0.267
E2 0. 000 0. 500 0. 250 0.458 0.229
E3 0. 500 0. 250 0.125 0.229 0.198
E4 0. 000 0.000 0.333 0.167 0. 306
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Table 5 Predicted results and accuracy comparison of UBGM(1,1) model and metabolism UBGM(1,1)-Markov model
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Period Observed value U fi/mm IR/ % U fi/mm A 22/ %
Predictive value Relative error Predictive value Relative error

11 8.07 7.923 1.8 7.987 1.0

12 7.94 7.860 1.0 7.969 0.4

13 7.86 7.976 1.5 7.817 0.5

14 7.83 7.762 0.9 7.747 1.1

15 7.77 7.878 1.4 7.867 1.2

16 7.62 7.754 1.8 7.502 1.5

17 7.34 7.132 2.8 7.216 1.7

18 7.13 6.951 2.5 7.212 1.2
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