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Artificial neural network approaches are used to efficiently generate
meta-prediction fields for structural dynamics problems. However, these
approaches exert heavy computational burden, which makes it difficult to
improve the quality of the prediction fields. Therefore, we propose an artificial
neural network strategy for structural dynamics problems using the iterated
improved reduced system (ilRS) method.
characteristics of structural data are first extracted using the transformation
matrix of the iIRS method. Next, the neural network (NN) is trained using only
the extracted features. The prediction fields are restored by combining the trained
NN results with the transformation matrix in the iIRS method. As a result, the

In the proposed method,

quality of NN for structural dynamics problems is significantly improved owing
to the efficient computational procedure. The performance of the proposed
method is verified using the gearbox-housing model in an electric vehicle.
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Table 1 Hyper parameters of proposed method

Hyper parameters

Hidden layers 9
Neurons in each layer 20
Activation function Tanh
Loss function MSE
Optimizer Adam
Learning rate 0.001
L, regularization rate 0.000001
Initialization method Xavier
Batch size 100
Iteration number 200,000

Table 2 Property parameter list of gearbox housing

Young’s modulus (Gpa) Poisson ratio
@ 68 0.32
) 68 0.34
® 68 0.36
@ 78 0.32
® 78 0.36
® 88 0.32
@ 88 0.34
88 0.36
78 0.34
© 73 0.335
i) 82 0.326
ib) 82 0.351
o7|M T & ¥ig PEE oujsiy U A WY FES 9n|
=g

AIARE GO 2 Akl W inputghe2 q & 55}7]

I8l Newmark methodollA] 283t Al7F 7H2 S inputo.2 sh=

input P X, & At X &= o3t o] Adeitt
to By v
t, E
Xo=| an
ty Ex v

o7]M t+ AlZE B n2 F AIZEE W folth E¢F
vE 247 Young’s modulus®} Poisson ratioE 20]stH k& 3}
Zojglo] HEE oudit}. sh4E 8L A F7] Yef HlolE]
A FHoz2 shgst= A input dataol] THEH batch
normalizationS Z-85FJtH!". Batch normalization& Al734o]

StEES PN BAl overfitting WFA5HY initialization

451

Input matrix with time domain

ty E, v
4o By
L E oy
Deep Neural Network

structure

Weight factor updating

1t

Caculating loss function

toss =i~

1t

Data reducing process
with iIRS

(T"xT)'xT" xU=¢q

Fig. 4 Workflow for neural network training in the proposed method

AMA]

o o }\]

ol & WZsHA sk &3i7E ek o) ¢ BAE
inputo.2 APA71a 1 ARE
Hlastel 715AE 24T T AFRS

Young’s modulus,

20
}_H =2

71931 Poisson ratios ¢
Beeg q, 7 SARIA ol
Nsfato] Fig. 4ol Lrepigich

g =gt olg ¥

e dueleg =

AHEEA ghe
. 30l A}
X2

=2

éﬁ 1nput2i 5235}

2 delME BEtE F

™A U, 2 B, “dXi gl 1851 2 oGt

R B B

methodS

Qo - 120 Fto] A W U, -

Yl

69~12 = Q15X Ty 1y
ol 7

e E 57

gg Fote

sick

HHH
 inputfle

o
Zog

L



Shuo Li et al.

09

08

Accuracy
o o o
w B~ o

<
o

train accuracy | |
test accuracy

0 . . |
50 100 150 200

01

o

Iteration number (x1 03)

Fig. 5 Train and test accuracy of the trained neural network

34 MY HE

AQHE e AEH q & B9l ggol ojFojXitth o A
olME 34 lolg qok AEYE B3l =2H q & AHgstel Al
A8 Ag=g St

Aete AAL] qofl thet dl=T Ashw = Fig, 5of LehY

Atk Fig. 5oM% training parameter (D~ ARESH 21749
HHE Z]4eof W training accuracy®} test accuracys UEFUY
t}. Fig. 59 train accuracy= F 17713] 0]3.0] HME. 3140) A
q; - s 99%ol ZHIF GAIEES HYPOom test accuracy:

16~207t5]9] ¥hE 314 7bo) A oF 5%0]ue] o.2+5 fAI5}
ATk

< AoME £ dIAE 53] 7129 A tlolelE shot
= HS AFgsto] T3t o2 tlojeiet AIAIS MRS AFgstol

=E3 HolEE Hlasty 45

ZetnAt g

4, RYY Y 53 s 2t

3

2|2 A71AEAE] 710] HiA 3R 7]0] WM& 2ol AY=k
25} W A%3t0] 715A0] T2 oA Hoct. 2
Sof o3t WA Al 27] XF W 3 Alsol gt
ot 2710l|M ] 54 3o 5/dol tht Altto] 28

ft

452

el e 7lof WA B9 RE A% U 24 4

= 0

Q2
>
|kt
m
S

F& Z74(mu1t1p01nt constraints, MPCs)2 %}-&3}
S condensation nodeZ A| A5t &
—T“‘* o}_o:h:]_[IZ 13
condensation nodeoA] 2 QHLo FH ]
WA= o] 3M Al jlo] A &
ZEo|N HYEE 9H L condensation node 232 E3f & 12
NS} AFER FEE ] AIT 4 Qlof A (1) AtE ZHHsH
e 4 U &, vEA & 205 ARgsto] skeA Al o
3 JR2 g=slo] Qe HETHS AA5Th Table 30f 319
7 mdo] aietneEs Asiglen Fig. 60l W&7] sk &
=

MPCs7} 14%%

constraint node=

4.2 #He| @&t

Fig. 6014 AA|gE 7]of ¥k 5H-Aof| Table 39] excitation
forcesol] T3t boundary conditiong AA3sI 1 o]2igt A 3}
of 7]o] ¥kA mElo] ofHo] oJ3t 7} l-=0] WQ] WIS Z745t

Table 3 Parameters of gearbox housing model

Parameters
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Density 7.3 % 10°%kg/m*
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Table 4 Frobenius norm value of displacement error

Axis Conventional method Proposed method
X-axis 0.0049 0.0021
Y-axis 0.0055 0.0020
Z-axis 0.0210 0.0047
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