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Table 1 Selected factors for prediction of regional cover-collapse probability
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Fig. 1 Pattern analysis of cover-collapse plot in study area , 312
P Lm n
. 292
2.2 ’ 20
. 77: O. 05 ) a—
0.6, E,.<<0. 02,
GIS 660 371 s
. 0. 997, s
(pattern analysis) )
500 m 6 ’
80 C 1), (
2).
) ( ’
[10,11]
) ( )
0.5 kmXx0. 5 km 3.2
20
2.3 ’
BP . 0.153, 0.94, 0. 087.
3
’ 1 i 4 O. 1 9
0.3,0.5 0.7. 1

1/20=0.05C 2),2 2



28

560
2
Table 2 Relative contribution of factors to cover-collapse probability
I I, I3 1, Is Is I; Is Iy Io
/% 10. 24 10. 59 6. 33 20. 11 11. 01 10. 13 5. 88 9.73 8.72 7.26
3 5(2)
Table 3 Target value classes of cover-collapse probability
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Fig. 2 Validation result of ANN model precision
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Fig. 3 Zones of cover-collapse probability prediction
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ANN- and GIS-Based Regional Prediction of Cover-Collapse Probability .
A Case Study in West Part of Guilin City

HU Cheng', CHEN Zhi-hua', CHEN Xue-jun®
(1. Faculty of Engineering , China University of Geosciences, Wuhan 430074, China; 2. School of
Civil Engineering » Guilin Institute of Technology, Guilin 541001, China)

Abstract: Cover-collapse is one of frequent geological hazards in karst zone. Predicting the probabil-
ity of cover-collapse occurrence is a requisite task for territorial planning, resource exploiting and hazard
harnessing. Regional quantitative prediction of cover-collapse probability has become very intricate prob-
lem for the following reasons: (1) interactions between many influencing factors; (2) a sophisticated de-
veloping process; (3) difficulty associated with the value acquisition of factors. Some recent prediction
models can not display the nonlinear characteristics of collapse development pattern, nor can they elimi-
nate the impact of empiricism during the course of weights allocation. Three major characteristics of ar-
tifical neural network (ANN) technology, i. e. self-learning, self-adapting and nonlinear mapping, indi-
cate a powerful application potential in collapse prediction field. This paper reports the methodology of
developing an ANN model to predict cover-collapse occurrence probability. An approach was established
to measure the relative probability of the collapse corresponding to certain factor combinations, and
some impact factors were specified. Consequently, the structure of ANN prediction model was created.
292 stochastic collapse samples from the sample aggregate, of which the size was 312, were used to train
the ANN model. The testing results of the 20 remaining samples show that this model has a good preci-
sion. Evaluation grids division and their value acquisition of every factor were accomplished with the aid
of GIS software tools. The unstable probability of each grid was calculated through the trained ANN
model, which enables us to delineate the different stable zones in the study area.
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