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Fig. 2 The adaptive wavelet neural network algorithm flow chart
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Table 1
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Three numerical solutions and exact solutions( case 1)

TR JFRES E

numerical solution of
the adaptive wavelet

neural network

numerical solution of
the BP wavelet neural

network

numerical solution of
the gradual approach

method

exact solution

0.0 0.000 000 000 259 275 0.000 000 000 105 942 0.000 000 000 000 000 0.000 000 000 000 000
0.1 0.100 000 971 289 362 0.100 011 000 010 000 0.100 372 942 386 831 0.100 000 000 000 000
0.2 0.200 001 942 285 015 0.200 152 000 020 001 0.200 745 884 773 663 0.200 000 000 000 000
0.3 0.300 002 914 424 274 0.300 003 000 030 001 0.301 118 827 160 494 0.300 000 000 000 000
0.4 0.400 003 885 233 542 0.400 774 000 040 001 0.401 491 769 547 325 0.400 000 000 000 000
0.5 0.500 004 855 703 966 0.500 845 000 050 002 0.501 864 711 934 156 0.500 000 000 000 000
0.6 0.600 005 827 244 334 0.600 026 000 060 002 0.602 237 654 320 988 0.600 000 000 000 000
0.7 0.700 006 797 900 472 0.700 997 000 070 002 0.702 610 596 707 819 0.700 000 000 000 000
0.8 0.800 007 768 072 160 0.800 218 000 080 002 0.802 983 539 094 650 0.800 000 000 000 000
0.9 0.900 008 739 216 096 0.900 009 000 090 003 0.903 356 481 481 482 0.900 000 000 000 000
1.0 1.000 009 710 280 087 1.000 110 000 100 004 1.003 729 423 868 313 1.000 000 000 000 000
|~2 T | T T T T T T T T
—s—adaptive wavelet neural network
——BP neural network 0.502
1.0 F ——gradual approach method T P
— —exact solution 0.501 //’//
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Fig. 3 Comparison of numerical results after training( case 1)
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Table 2 Three numerical solutions and exact solutions( case 2)

numerical solution of
the adaptive wavelet

neural network

numerical solution of
the BP wavelet

neural network

numerical solution of the

degenerated kernel approximate

substitution method

exact solution

0.0 1.000 004 131 080 228 1.000 354 126 969 967
0.1 1.000 003 727 142 497 1.000 113 623 442 875
0.2 1.000 003 377 882 555 1.000 003 374 591 250
0.3 1.000 003 136 265 966 1.006 303 133 378 357
0.4 1.000 003 051 869 213 1.000 773 049 378 408
0.5 1.000 003 169 272 955 1.000 343 167 169 846
0.6 1.000 003 526 558 976 1.000 905 524 832 310
0.7 1.000 004 153 942 611 1.000 004 152 579 071
0.8 1.000 005 072 570 146 1.000 785 071 554 453
0.9 1.000 006 293 507 818 1.001 066 292 822 844
1.0 1.000 007 816 945 793 1.000 007 816 572 693

1.002 850 000 000 000
1.004 072 616 646 828
1.007 646 130 795 061
1.012 583 006 661 340
1.017 915 542 308 651
1.022 705 538 604 203
1.026 053 673 395 035
1.027 108 487 237 691
1.025 074 890 899 523
1.019 222 109 627 483
1.008 890 984 807 897

1.000 000 000 000 000
1.000 000 000 000 000
1.000 000 000 000 000
1.000 000 000 000 000
1.000 000 000 000 000
1.000 000 000 000 000
1.000 000 000 000 000
1.000 000 000 000 000
1.000 000 000 000 000
1.000 000 000 000 000
1.000 000 000 000 000

1.030

—.—degelnerated kernel apforoximaté substitution method
—s—adaptive wavelet neural network
r——BP neural network

——exact solution

1.025

= 1.020F .
s
8
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3 10006t 1 1.000004
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Fig. 4 Comparison of numerical results after training( case 2)
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Numerical Solution to the Second Kind of Fredholm
Integral Equation Based on the Adaptive
Wavelet Neural Network

JIANG Wei, HAN Huili, LI Fengjun
(School of Mathematics and Statistics, Ningxia University,
Yinchuan 750021, P.R.China)

Abstract: A 3-layer feedforward adaptive wavelet neural network model was constructed. The
fitting of the translation factor and the scaling factor were combined in the wavelet analysis. The
result of combination was set as the weight and bias of the hidden layer. The wavelet basis
function was used as the hidden layer activation function and the parameters could be adaptive-
ly adjusted according to the gradient descent algorithm. Numerical solution to the second kind
of Fredholm integral equation was solved with the adaptive wavelet neural network, and the

feasibility and validity of the method were verified through numerical examples.

Key words: adaptive wavelet neural network; second kind of Fredholm integral equation; nu-
merical solution
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