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N(x,t) = 2 z<ai,j : U?,j) + z(ai,O.UT,i) + z(ao,j'Ui,j) tag,. (4)
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Fig. 1  Structure diagram of the combined neural network
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u, (x,t) =t "sin(mwx) .
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Fig. 2 Numerical solutions fora = 0.2,At = Ah = 0.02
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Table 1  Comparison of mean relative error E; between cases of different time steps

mean relative error E;(Ah = 0.02,a = 0.2)
node point x

At = 0.05 At = 0.02
0.1 3.800 0x1073 7.187 6x1073
0.2 3.125 8x107* 2.730 9x107*
0.3 2.507 4x107* 1.730 9x107*
0.4 1.828 9x107° 1.509 0x1073
0.5 2.952 8x107° 9.762 0x107°
0.6 4.870 9x107° 3.380 8x107°
0.7 4.469 3x107° 2.478 4x107°
0.8 3.698 7x107° 1.997 6x107°
0.9 3.521 9x107° 1.785 2x107°

K 1IN TR Ah = 0.02, AR AP 4875 a5 B A ) F 2R 2R 22 1h
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Table 2 Maximum absolute error comparison of the 2 methods

maximum absolute error of
Ah At ref. [ 15]

the combined neural network

R . -4 -3
30 30 5.610 9x10 3.538 0x10

! ! 2.796 2x107* 1.092 4x1073
40 40 ’ )

: ! 8.674 0x107° 3.468 4x107*
80 80 : )

: ! 6.112 6x107° 1.128 2x107*
160 160 ’ )
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A Combined Artificial Neural Network Method for
Solving Time Fractional Diffusion Equations

WANG Jiang,

(Institute of Soft Matter Mechanics, College of Mechanics and Materials
Hohai University, Nanging 211100, P.R.China)

Abstract: A combined artificial neural network method was proposed to solve 1D time fraction-
al diffusion equations. The combined artificial neural network is a new network structure con-
structed through combination of the radial basis function ( RBF) neural network and the power
series feed-forward neural network. First, the proposed new model was applied to create a nu-
merical solution conforming to the conditions of the time fractional diffusion equation. Mean-
while, an error function was defined and the original differential equation was transformed into
a minimization problem. Afterwards, the gradient descent learning algorithm was used to obtain
the optimal weights of the neural network and other optimal parameters. Finally, a numerical
example was given to illustrate the validity of the proposed method. The work makes a new way

to the solution of 1D time fractional diffusion equations.

Key words: 1D time fractional diffusion equation; combined artificial neural network; error

function; gradient descent learning algorithm
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