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Gauss—Seidel (1.
1 Hopfield -
Ay A% AN A, As A¢
Hopfield
0 0.00 0.00 0. 00 0. 00 0. 00 0.00
10 - 7.40 - 2338.09 172. 04 7. 50 - 2357. 45 - 171.85
20 -9.55 - 3005.86 205. 58 9. 61 - 3017. 33 - 205.46
30 - 12.00 - 3767.87 243. 85 12. 01 - 3770. 33 - 243.82
40 - 12.25 - 3846.47 247.79 12. 26 — 3348. 00 - 247.78
50 - 12.45 - 3909.27 250. 95 12. 46 - 3910. 05 - 250.94
Gauss-Seidel
0 0.00 0.00 0. 00 0. 00 0. 00 0.00
10 - 5.43 - 1716.27 138. 22 5. 30 - 1681. 34 - 139.38
20 - 8.61 - 2708.28 189. 18 8. 53 — 2688. 68 - 189.83
30 - 90.88 - 3104.27 209. 52 9. 83 - 3090. 80 - 209.97
40 - 10.86 - 3409.78 225. 21 10. 82 - 3401. 03 - 225.51
50 - 11.47 - 3600.29 235. 00 11. 44 - 3594. 48 - 235.19
- 12.67 - 3976.00 254. 30 12. 67 - 3976. 00 - 254.30
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Structural Analysis by Using Hopfield Neural Network

Wei Pengsheng
(Dept- of Civil- Eng-, Huagiao Univ-, 362011, Quanzhou)

Abstract For the use of structural analysis, an appropriate Hopfield neural network is constructed on the
basis of the similarity between the principle of minimal potential energy and mechanism of Hopfield neural
network. It is constructed by taking general potential energy of the structure as energy function of neural
network; and by using state variable of neurons to represent displacement component of each freedom degree
of the structure in general coordinate system; and by using the connection weights of neural network to rep-
resent general rigidity matrix of the structure; and by using the threshold value of neurons to represent equiv—
alent nodal loads of the structure in general coordinate system. It has been applied to the solution of struc—
tural displacement equations into which the supporting conditions are introduced. As indicated by numerical
simulation, this method excels the traditional Gauss=Seidel's iteration method in convergence speed, more—
over, it is able to treat the knotty morbid problem in structural analysis due to no “weight-eliminating” algo—
rithm is contained.

Keywords structural analysis, displacement equation, Hopfield neural network. morbid problem



