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Regional collap se characteristics of intact loess
and its rate of potential collapse

L UO Ya-sheng"?, XIE D ing-yi’, XING Y i-chuan*
(1 Institute o civil engineering, X i'an U niversity o Technology, X i'an, Shaanxi 710048, China; 2 College o W ater Resources and
A rchitectural Engineering,N orthw est Sci-T ech U niversity o A griculture and Forestry, Yangling, Shannxi 712100, China)

Abstract: In this paper, collagpse characteristics of intact loess from three typical loess areas under
different moisture condition are studied, and the principles of loess collgpsibility influenced by w ater
content, dry density as well as pressure and behaviors of these in different loess are approached
regpectively. Base on the collapsibility difference existing in different loess area, a concept of rate of
potential collgpse is presented, and the test results show that it can be used to analyses the loess
collagpsibility and reflect the structure characteristics for different kinds of loess preferably.

Key words intact loess collagpse characteristics rate of potential collapse
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A rtificial neural network model of rainfall-runoff
forecasting for rain gage unevenly
distributed w atersheds

WANG Shuang-yin, [EENG Guio-zhangl, SONG Song-bai

(College d W ater Resources and A rchitectural Engineering,N orthw est Sci-T ech U niversity o A griculture and Forestry, Yangling, Shaanxi 712100, China)

Abstract: Thispaper presents the possibility of using artificial neural network model to forecast runoff
for rain gage unevenly distributed w atersheds Case study show s that theBP network model is significantly
efficient for forecasting for rain gage unevenly distributed w atersheds by using the total rainfall and the
previous affected rainfall as model input, and net rainfall for runoff as model output The forecasting
relative error of theBP network model has an average value 9 2% low er than that of runoff yield at natural
storagemodel It is shown that artificial neural network model might be used to forecast or predict stream
flow w hen the rainfall observation exhibits systematic errors

Key words rainfall-runoff forecasting; artificial neural network model; error control criteria; rain gage;

w atershed



