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Abstract: Curve fitting method is the most common method
to determine the parameters of the transient flow pumping
tests, but its main drawback is that curves are often rely solely
on individual manipulation. Based on curve fitting method, a
modified BP artificial neural network is used to solve the
approximately analytical solutions of Theis equation for the
problem of the unsteady flow of fully penetrating wells in
confined aquifers, and the curve fitting-hased BP artificial
neural network is proposed. It avoids inappropriate trained
range. It also reduces the network topology with a simpler
artificial neural network structure,as this can reduce training
time, improve network generalization and prevent over-
fitting. The case calculating results indicate that the proposed
BP artificial neural network is an efficient method to solve
hydrogeological parameters by utilizing the pumping test.

Furthermore, the proposed BP artificial neural network could
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be used widely in the solution for hydrogeological issues.

Key words: pumping test; curve fitting method; back

propagation artificial neural network; Theis equation
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Fig.1 Architectural graph of BP neural network
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Tab.1 Pumping test data of a confined aquifer

17K B[R] /min 60 80 100 120 150 180 210 240 300 360 480 600

17 HFEB /m 0.05 0.093 0.13 0.165 0.22 0.27 0.33 0.37 0.455 0.53 0.655 0.755
7K} [A] /min 720 900 1 200 1 500 1 800 2 100 2 400 3 000 3 600 4 200 4 800 5 820
17 HFEHE/m 0.88 1 1.15 1.22 1.32 1.39 1.45 1.51 1.67 1.71 1.72 1.73
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Tab.3 Estimated aquifer parameter values

and error analysis

Tab.2 Parameter value of the additional momentum BEiy s —t st iy BP CF-BP
method with adaptive learning rate itk ik (AQT 3.1) Mk NN
FHEH T/(m? «h 1) 80.16 81.10 81.76 81.80
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Fig.2 Time-drawdown curve
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