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Abstract: In response to the instability issues of traditional neural networks in handling time-dependent dynam-

ic processes and noisy data, a dynamic force reconstruction method based on long short-term memory (LSTM)
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networks was proposed. The measured response signals, contaminated by noise, were normalized as input vari-
ables, while the normalized dynamic loads as output variables. The implementation approach of LSTM networks
was adopted. To enhance the network’s generalization ability, various types of dynamic responses and original
loads were defined as sample structures at each time step. In view of interval uncertainty, the point distribution
strategy results were adjusted to build the dimension-wise method (DWM) based on the traditional point distri-
bution methods, to get precise resolution of uncertainty load identification with independent interval variables
in the investigation of uncertainty variables in a specific dimension through fixation of others. Finally, by nu-
merical examples and a comparison with traditional neural networks ( back-propagation neural networks) , the
LSTM neural network was proved to be more stable in handling noisy data. An experimental design validates the

effectiveness and feasibility of this method for time-dependent data.
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samples determine the training parameters output uncertainty interval dynamic

of LSTM neural network load time history
l - } R N T
begin > "
establish the dynamic load »| calculate the dynamic load limit at
take the identification model any time interval
response
depending

on the take the maximum point vector of
dynamic dynamic loads at any time interval
loads as v 7}

input
samples truncate the sample points in different
dimensions to fit the polynomial

B3 T DWM Hy#f i e

Fig. 3 The flowchart of load identification based on the dimension-wise method
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Table 1  Cantilever plate structure material parameters
material property symbol specific value
Young’ s modulus E /GPa 210
Poisson’ s ratio v 0.3
density p /(kg/m*) 7 800

i FHFEAS A AR AN 2R B R PSR TTH K R 5 mm A 35) WA 33 200 AN BRTT, 231 AN17 LR 8k
T AU 4 P SREBOH R B R 5 [ E — O B A 59 i B el B2 it Jon e A I ) 4R e A
5 7K.

114 159 2351
110 155 227
106 1‘*1 223
1 I 1
4 BRI ERAS S A B 5 EEHa AR
Fig. 4 The distribution of cantilever plate structure sensors Fig. 5 Boundary conditions of the cantilever plate structure
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Table 2 The expressions of actual dynamic forces of training sets and test sets

condition actual dynamic force expression
sample 1 F = 100sin(20m¢) + 50sin( 107¢)
sample 2 F = 300sin( 40m:?)
training set sample 3 F = 300e™*sin(20m¢)
sample 4 F = 350e™%sin(50m:%)
sample 5 F = 250e™'™
test set - F = 200sin(207t)
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Fig. 6 Results of force reconstruction under different sensor layouts
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Table 3  Relative errors of force reconstruction with different sensor layouts

sensor selection relative error/ %

1,2,3,4,5,6 8.79
1,2,3,4 7.89
1,2,3 13.75
1,4,6,9 8.05
1,3,6,7 9.12
1,6,7,9 8.92

R4 WIRFEAFIEAEA F T 1) LSTM S HE2E

Table 4 Summary of the LSTM architecture for initial and noise affected data regression

layer( type) number of parameters (original data) number of parameters (noise affected data)
sequence input layer 20 60
Bi-LSTM layer 100( hidden layer unit) 128 (hidden layer unit)
fully connected layer 300 300
dropout layer 0.2( probability ) 0.8 ( probability )

fully connected layer 1 (response) 1 (response)

regression layer -

XF T & MAE S B dropout 21 ZFEMER B E S 0.8, By 1k 805 A 28 9 25 iy Y o PRl st 2k an 51 10

7R,
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Fig. 7 Load samples for the training set Fig. 8 Convergence curves of the initial data training process
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Fig. 10 Convergence curves of the noise affected

under the influence of noise data training process
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Table 5 Relative errors of force reconstruction by LSTM and BP under noisy conditions

SNR of additive noise LSTM/ % BP/%
20 8.78 26.29

20,30 18.00 41.43
20,30,40 18.31 41.39
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Fig. 12 Results o force boundaries with the dimension-wise method for uncertainty propagation
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Fig. 14 The cantilever plate structure sensor arrangement
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Table 6  Total relative errors of dynamic load recognition under different operating conditions

signal 1 Hz

(c¢) Post-impact, T = 150 C, excitation

state temperature/ “C frequency/Hz relative error/ %
post-impact 60 3 3.98
pre-impact 100 5 4.44
post-impact 150 1 4.72
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