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Tab. 1 Structural properties of model
kg /(kN/m)
1 2762 2.485%10° 1n
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2 (knowing masses, no noise contamination)
2
Tab. 2 Simulation results (knowing masses)
1 2
5% 15% 5% 15%
PSO GA PSO GA PSO GA PSO GA PSO GA PSO GA
k% 0 0.00 017 0.13 0.14 0.36 0 0.81 0.02 059 0.12 4.44
k% 0 0.00 0.00 0.12 0.08 0.06 0 2.69 0.83 1.03 0.87 6.71
k% 0 0.00 0.28 0.08 0.49 0.10 0 271 0.73 1.33 1.94 6.10
k% 0 0.00 0.36 0.13 0.32 0.27 0 1.59 034 0.89 0.40 5.75
ks/% 0 0.00 0.12 0.02 0.25 0.26 0 2.30 052 0.96 115 6.19
Gl% 0 0.00 0.44 0.05 0.98 0.34 0 0.06 0.40 011 2.32 1.81
GI% 0 0.00 0.29 0.23 0.38 1.07 0 0.15 0.11 0.87 0.55 0.91
ils 366.7 23240  367.0 25003 3685 23165 3676 24538  421.0 2567.1 4175 28419
3
Tab. 3 Simulation results (unknowing masses)
1 2
5% 15% 5% 15%
PSO GA PSO GA PSO GA PSO GA PSO GA PSO GA
m/%  0.01 0.51 0.29 3.12 072 5.39 0.05 3.67 0.26 1.55 1.07 5.14
maA% 0.01 0.28 0.08 342 0.48 4.69 0.05 5.85 0.32 8.04 1.09 2.01
md%  0.01 0.30 0.04 2.86 0.84 4.02 0.02 477 0.88 5.73 1.66 1.99
mid%  0.01 0.22 0.10 2.73 057 385 0.02 1.86 0.47 253 2.07 1.58
msl% 0.01 0.27 0.02 3.06 0.05 4.50 0.03 0.87 0.15 1.07 0.33 0.73
ki% 002 0.85 0.47 3.78 058 6.67 0.09 9.52 175 1.17 2.81 6.62
kI% 002 022 0.04 2.9 071 4.25 0.12 6.13 1.48 15.98 419 8.78
k% 001 0.29 0.22 2.9 0.18 453 0.12 6.30 1.29 6.00 1.05 7.51
kal% 0.01 0.35 0.14 3.27 0.33 4.96 0.06 3.26 0.61 5.13 1.03 3.62
k% 002 0.46 0.12 337 0.62 5.13 0.08 6.27 0.16 7.05 157 4.90
G/% 0.03 0.75 0.05 5.17 2.22 6.35 0.06 1.97 0.97 2.54 0.03 2.87
&% 0.01 0.34 0.16 3.70 1.03 5.12 0.03 112 023 2.32 0.02 0.66
ils 3835 23246 3597 23103 3974 23100 3598 23233 3612 22943 3641 2395.1
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Structural system identification based on particle swarm optimization

ZHANG Wei*2, TANG He-sheng?, XUE Song-tao?, LI Kai?

(1. Fujian Academy of Building Research, Fuzhou, Fujian 350025, China; 2. Research Institute of Structural Engineering and
Disaster Reduction, Tongji University, Shanghai 200092, China)

Abstract: A method for identification of structural systems using particle swarm optimization (PSO) algorithmis presented. The
basic idea of the method is that the identification problems are cast as a multimodal nonlinear nonconvex programming problem,
and then particle swarm optimization algorithmis used to find the optimal estimation of the parameters. Some results obtained with
this algorithm are presented for the identification of structural systems under conditions including limited input/output data, noise
polluted signals, and no prior knowledge of mass, or stiffness of the system. The proposed method is aso compared to the identi-
fication method based on GA. The numerical examples and comparing results show that the PSO method is easy to implement,
computationally inexpensive and the identification performance is superior.

Key words: particle swarm optimization; genetic algorithm; system identification



