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Abstract: For rapid and exact reconstruction of dynamic loads on unconstrained structures with unknown ini-
tial conditions, a dynamic load reconstruction method was proposed based on the sparse Bayesian learning al-
gorithm. With the idea of the function fitting technique, the control equations were built. The noise was as-
sumed to obey the Gaussian distribution, and the fast algorithm was used in the sparse Bayesian learning mod-
el. An improved piecewise fitting method was formulated to rationally express the initial conditions in the piece-

wise fitting, the end state response of the previous segment was used as the possible initial condition, and the
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low-order vibration modes were applied as the supplement to the initial displacements and initial velocities. The
numerical simulations of simplified launch vehicle models prove the accuracy and efficiency of the proposed
method, under the effects of different noise levels and different expressions of initial conditions.

Key words: function fitting; sparse Bayesian learning algorithm; modified piecewise fitting;

load reconstruction
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Fig. 2 The flowchart of the proposed method for load reconstruction
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Table 1  Reconstruction accuracies and computation times
proposed ref.[ 24 ]
noise levels 5% 10% 15% 5% 10% 15%
fi 1.87% 3.55% 10.08% 3.17% 10.71% 10.98%
f 0.37% 0.67% 1.82% 0.01% 0.20% 0.35%
S 0.99% 1.67% 2.82% 0.65% 6.34% 9.39%
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Fig. 6  Comparison of reconstruction results between different methods with a 15% noise level
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Fig. 7 Only low-order modes used to express the initial conditions

F2 3 FEM I EPBISERT L

Table 2 Comparison of identification results of 3 reconstruction methods

force relative error 6 /% computing time ¢ /s
i 58.48
only low-order modes expressed

f 139.66 622.91

initial condition
f 105.32
S 2.56

modified piecewise fitting 5 4.77 619.23

S 6.03
Si 11.58

no segmentation 1 23.57 1 203.26
e 16.72
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