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Fig. 1 Radial basis function neural cell model structure Fig. 2 RBF neural network
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Fig.4 Single-frame model and the node number
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1 NET1 :Y
Tab.1 Part of the NETI training samples: Y as sample number
Node number Y1 Y2 Y3 Node number Y1 Y2 Y3
2 0.286 843 -0.286 866  -0.286 465 28 0. 288 280 -0.288 260 -0.287 817
23 0.287 382 -0.287 388 -0.286970 29 0. 288 100 -0.288 086 -0.287 649
24 0.287 801 -0.287 795 -0.287 364 30 0. 287 801 -0.287 795 -0.287 369
25 0.288 100 -0.288 086  -0.287 646 31 0. 287 382 -0.287 388 -0.286 977
26 0.288 280 -0.288 260  -0.287 815 4 0. 286 843 -0.286 862 -0.286 468
27 0.288 340 -0.288 319  -0.287 872
2 NET2 : Y
Tab.2 Part of the NET2 training samples: Y as sample number
Node number Y1 Y2 Y3 Node number Y1 Y2 Y3
23 0.965 79 0.95143 0. 934 94 28 0.995 02 0. 979 83 0.962 42
24 0.993 44 0.978 30 0. 960 93 29 0.994 87 0. 979 69 0.962 29
25 0.994 16 0.979 00 0. 961 60 30 0.994 50 0. 979 35 0.961 97
26 0.99% 67 0.979 49 0. 962 07 31 0.969 34 0. 967 63 0.956 80
27 0.994 95 0.979 76 0. 962 35
’ ’ 3 NET1.NET2
[ —1, 1] ’ ;Y
. Tab.3 Part of the NETI.NET 2 training
, , . samples: Y as sample number
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Fig. 5 NETI network training error distribution curve Fig. 6 NET2 network training error distribution curve
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4 NETI1.NET2

: C
3.3 :
Tab. 4 Part of the NET 1. NET?2 training samples: C as sample number
1. 0.0. 85.0. 64.
Node number  C1 C2 a3 C4 (08)
0 96.0.72, 4 ’ 2 1.0 0.8 0.8 0.6 0.7
’ 4 0.75 0.64 0.9 0.64 0.85
) 5 6.
5 NET1 : C
Tab.5 Part of the NET 1 training samples: C as sample number
Node number Cl1 C2 C3 C4 C5
2 0.993 55 0. 82243 0. 785 66 0.592 6 0. 72552
4 0.753 39 0. 618 24 0. 919 44 0.645 56 0. 842 74
6 NET2 : C
Tab. 6 Part of the NET 1 training samples: C as sample number
Node number Cl C2 C3 C4 C5
2 1. 011 60 0. 778 20 0.766 48 0.619 52 0.743 57
4 0. 744 63 0. 659 15 0.955 94 0.625 41 0.826 99
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Research on steel frame parameters
identification based on RBF neural networks

XUE Qiang"’, HAOJi-ping's ZHENGY ue’

(1. School of Civil Eng., Xi'an Univ. of Arch. & Tech. , Xi'an 710055, China;
2. Institute of Architecture., Xi an Univ. of Arch. & Tech., Xian 710055, China)

Abstract: To effectively identify the post-earthquake level of steel frame joint damage and semi-rigid joint stiff ness parame-

ters, and mode shapes curvature mode are used as RBF neural networks import vector to identify steel portal frame con-

struction. Curvature mode is more sensitive than mode shapes for structural parameters identification. Modal identifica-

tion results show that the displacement damage location accuracy is higher than curvature mode and the damage degree i-

dentification curvature mode is superior to displacement mode. Modal displacement damage identification error is less than

10% and the curvature modal identification error is less than 5%. Based on RBF neural netw orks joint damage and semi-

rigid parameters can be better identified.

Key words: RBF neural networks; steel frame; frame detection
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