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Random dynamic load identification based on atrous convolutional neural network

WANG Wei, XU Bufeng, HE Wenbo, DI Zekun, SUN Hanyu
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Abstract: To address the issue of low accuracy in random dynamic load identification, the atrous convolutional neural net-

work (ACNN) is introduced into the research of random dynamic load identification. A random dynamic load
identification method based on one—dimensional ACNN with a dilation rate of 2 is proposed, which increases the
signal receptive field by increasing the dilation rate, thereby improving the accuracy of load identification. The
load identification verification experiment is conducted using the GARTEUR aircraft model as the research ob-
ject, and the results show that the root mean square error between the random dynamic load on the wingtip exci-
tation point identified by the method in this article and the real load is 0.990 1 N, with a correlation coefficient
of 0.987 4, and the power spectral density (PSD) curve can match well. Under different levels of noise inter-
ference, the proposed method can effectively identify the time series of random dynamic load. The proposed

method has the advantages of high recognition accuracy and strong anti—interference ability.
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Fig.1 Structure of one—dimensional ACNN

BEXFYIR B e W RS R L, —4E ACNN #8far U3
TEALE LA 5 ALG 5 RSN e 1 4
I, 3 ) A BRU 2o RO AR O RO IE , — 445
iz R RIAA

2= Gy, x ' + ') (5)
Kby WA LB RBES | DB« 5
LAEBRURS « DB BRI o) R b, 735 05 1
MEPUZE | MEPRNAUESERR ESHG6()
AP PR AL GELU ( Gaussian error linear units ) , i34
1 PR RS —Fh i A9 ReLU (rectified linear unit ) 7
PR, 7ETE S AR T A R PERE . IR k
NIFEIRE RIS A 5K r )5, LB BRI
F K 5EIGEPUERSE b Z R K =k + (k -

D) (r = 1), —4E23 0 45 iz RS2 B i A8 Ak 55 e dn 4]
2 FiR FRES B RRT N 3x 1,r= 1, r K
2 i, 2B BB R ST AR R 5 x 1, R R
SERER, FETHR A R rh 2R P IR 5 SR AL A Bz P HE R
AU 25 RN 1 ELRERS 4R & 1)
RN RE o AL ACNN 055 2 a2 B
B RSE4 R 2 x 1, B R AR 430 32 Fil 64, 0K
LR 2,

B

r=1 ‘ r=2 7
(a) FREBTR (b) =z A
B2 —#=RERTEE

Fig.2 Schematic diagram of one—dimensional atrous convolution

) R 2825 R B EA TR A SR BUR B A 5]
M1 S X A ST W 2 40, 0k AL B R AR A
7] RTS8 Fry S 5, (R A AR 0 0 2 2 A
MWALR B 2 Ao BETR 25 LB R 1y
Mtk HALE rokd

v = G(Bixd(y,) +b') (6)
B N L AN BBURE | A U I SRR L 5
d()HFREE KRG LR « B AE] 1 A4k
PR TR LA SR IE SR TR Y2, B
By 1 S A B R T (Y B

2 SIS

21 EWAHRIEIT

h T IRAERE T ACNN B BfHL 3h 28 er 1850 5 1k 1Y
TS, R GARTEUR "KALBC B Sk 47 BENL 5
AR BISLES . GARTEUR RALRE A& —Fh B A 55 2
B ARAT 5 0 P A A o ROPLAR Y 9k [ R
SRR, FH AT R 2 52 56 AR 0 S 56 5 3k 1) o
PRI, GARTEUR CHUE AV FENL & ML R TR
FZEAT SR 6 MR A2 , ANRIEBAZ AR
IR HLE K 1.5 m, 3R 2 m, LBR RN 2024~
T3 f 6 4 MBS E 3 5IR « SPERL R 73 GPa %
2 780 kg/m® JAMA L 0.33 , B LUK SR B HEAE LI &
8 b R E AR

WA 3 frs, #5147 GARTEUR KA AY 1 BEAIL I
JihPRBH S . S5 B A BEA LN 5 5 2 Rk A g
TR SERENLLE = , AR S ELAT BEATLAS Ak 1) R 1B R AR



FA3E H5W

T, VPP SO, 45 - B T s UM 22 I 4 i AL 3 2§

—61 -

D7, e PR A R T o SCBR RN < 14 TR
A AE ELAE T e WL 3 O/ INBRLRITHS , 0 8 B A% Ik Ao
THLAE , HFH LMS Test.Lab 15 5 5 42 4b BRER 42
IRENLEN BTG 20, GTIRBORAS S 14 SRS E FE
GARTEUR "YU [ 5 Jinsd 5 £ Jak i ) 2 n iy 5040
1# JARAR B 7745 B DU 28 far B0CHi , i LMS SCADAS
T 504l R AR RG] A R SRS 200 Hz, KA
IR 10 s, BB 2 000, #4218 3 0 1 B Hu 943 h
YA SR, B 1500 ECH ] TR 28 M 25 12 >
5145, 500 AE0H HF X U1 2558 785 00 #il 28 ) 45 3204 5
2 Ay TN

B3 GARTEUR ®HER ST &
Fig.3 GARTEUR aircraft model and experimental equipment

2 B T AR BR A AN T 3k S b 25 18 2 HA IR 31 5
P MR R R (), Atk — 2D 5T 35T ACNN I BERL3)
A RN T IR TR BE T, 78 GARTEUR RHLEI RIS
MLIE v &R AT B 24 WO A% it 0 Bl ML 30 28 oy 4R Sk IR
FE RN, AU EL At I P 5 T 41 B i) 17 A 5 ) o o S
PR KT 24 PRARAR 5 14 SR AR SR R L R
Y LGAEL, D47 14 SRR 0 TR0l FEL AN S 3 1) 243
PRAFHEIN 5%~ 60% 7K F- I 7 384 Al S0 0 Sk e 75 1
PN R G I, % 2 LB S SR AN 1 BEAIL B 2 A 4T
2Vl
2.2 RAFEETEHIERE

156 GARTEUR "L AL HEA T Bl HIL 2 2 1o
Wk 2 e IO 53 AT S, ARAS B AL 2 28 ey 540 IR 20 i
B s SR JE B A TR 4 4 R 3 0 1 BRI A3 )l
R SR AE T ACNN A ZR TR ; 5 Je B 7
DA 2] 1 BRE AL 2 2847 ek 1] 1 % -5 1000 45 380 9 L S0 28k
faf AT XF e A A, e 33 AR 158 22 (RMSE , root mean
square error ) FIFHICREL R M2t H s PRG BE B PTIbREE o

RMSE £ L6550 (i L S {H =2 18] (9 4 25 , 3L
(RER /I, B5CHE A  EME EDN  R DHE R A OC R 4R
R kA& 2 %8 2 18] ) G, R fEIX AR 0~1,

RO 1,2 2000 =22 1] ) S I B2 ey, 27 iR A
JEs . AN RN

Eryse = \/’17_2(]}]—]?)2 (7)

R= Cov(F,F) (8)
K f; g 2B A 5 A U AR 5 £ o 7 B 200 3%
TF {5 5 Y ELSARL s F O W00 2 Ar BEAS B R ) 9105 F
BB A IS ] 8 5 Cov () AP 22 5 Var(+ ) 2l
Uk
23 HERALER

YU RN R O B ol 0 A 8 Y S 5 Eh
HATHEET ACNN 1 BEALSh Efar i ] D AR . SR 7 %F
HEARSCIT IR RN R | 40 S 7. 2 Flovt b 7 —
PRI TR CNN FREHLEh AT R 7k, o) —Fh &
FHF Tikhonov J7 i I FEALBh 2 5] J2: . Tikhonov
51 SR 2 A P )00 T 0 AR A A S ) B FH E £k
J7 i I e /MBI 25 S A B4 31 1E
Ak

3 Pl IE RO 2R A 5 B S A T L, ] 4 BT
7N, H EXACT R B SL gk far th4k . & 4 T LA,
ACNN 51288 fr 8y st 100) g A i 2 15 2L 228 os R 2R 7 1)
B R R Y o 2 H5E MRS R A O B, B T ACNN
FIBENL BT UM 285 5 5 BT 1Y Egyse = 0.990 1N,
R =0.987 4; 3T CNN [HBENLh BT H I 45 R 5 L5
Y Erse = 3.941 6 N, R = 0.802 6; 1 3% T Tikhonov
J7 2 W BE AL 30 28 IR 00 45 R 5 1L S AR 1Y B =
5.121 0 N,R = 0.531 2 WEBIA SOy 32 TRl HL 3l 28
PUHILZA R

B 5 a1 3 Bk R o s 1] 7 R s 24
o B S FTLAE Y, 2 Fheh 28 28 7 1k ) BEAIL 30 28 1o
PRI T Tikhonov 7773, iX /& K & CNN A H#+1iE
PEEGTIIRE , 0T LASEXT BALIR B {5 5 A TRRIE BRI, 2R
J BN MR N 5 A YOG R A IR SRR S A
MR AR BL R , ACNN BB B ] LU 55
Fis ] ] B B R A R sl el 2 A5 6L, 37 AR 3 1oy 2540 14
FRENEHE G R, 5 508 i T 1 2 D 26 % Bt ML 2 28 i 11
PG B L AH ECTT 5, 22T Tikhonov J5 15 FR 51 28 oy
SRS I W) A B R 2, iR TR S i 2 fep
UM T3 5 AE B AL 30 28 a7 TR0 3k i v A2 D0 6 M 75 i A
356 R BT PR A M s ) R, AR IR 25K




-62 - O RO R 2 2 W 2025 4 10 A
40% . 60%7K 1~ (4 M P ) , 000 £ R 7 T A S B 4K
_ P, AT T ACNN (1 Bl AIL 3 2847 B () g R U001, 348
% IR BIEERANE 7 R
3.5
| N 30 L I EXACT
0 05 10 15 20 25 250 — ACNN
i i) /s 2 20
& 15
(a) ACNN 10
30 —— EXACT 03 \
20 ——CNN 0 20 40 60 80 100
#EE 10 i A% Ha
e 0f ‘ AT R M' (a) ACNN
_10 \i fl
-20 ' ; : :
0 0.5 1.0 15 2.0 2.5
Ry EIE o
(b) CNN £
30 — EXACT
—— Tikhonov
Z
%E FHRHz
i (b) CNN
6 IRFHFHRILTEE
Fig.6 PSD of identified load
i [8]/s
(¢) Tikhonov 30 — EXACT
20+ —— ACNN
4 3IFFERIRBIERET S EXH R 1ok
Fig.4 Comparison of identified load of 3 methods and real load %
0
30 “CEXACT -1of
20+ —— ACNN 2 . . . .
E 10 G ) 05 10 15 20 25
#2 0 B Ha
-10 (a) 5%MERT
B 0.90 0.92 0.94 096 098 1.00 30 —EXACT
H 1) /s 201 —— ACNN
5 BEEEIRNSREE L 5 op
Fig.5 Local comparison of random load identification results & 0
Jite gy e g -101
SRy T ARSI R R BB A b 2R R B {5 5 1Y 0 , 1 , ,
RPN B S AR PR S 1) Bt AL 30 28 gy (] g A 0035 lfﬁ’ﬁ LS 20023
S P [P MR Hz
FEAS, 45 1) HOG6E 1 719 2y #8335 %5 i (PSD , power spectral o) 10;%35
density ) BREX , -5 BT 0 D) R 5 25 B pRAEA 70
. \ 30
be ., Ui 6 . Al 6 FTLAEDUMA £, FEF ACNN " oo
Rl 30 2 fu7 18 31 245 SR Ty SR 3 % 1 ek Bl 4 5 B 3R z 10
oy Dy 2R 5% B pREI 2V & BE TR AT, BB AR SCHE 1Y % ol
T ACNN B BEHL 50 28w U0 7 1k HA TR 4r rd 41 _10
R -20 : : : :
0 0.5 1.0 15 2.0 2.5

Fyit— ST BT ACNN [ FEHLEh 28 f 18 5 7
ERIPTMERE T, il 0 2# IR ARG 5% . 10% .20% .

SR He
(c) 20% M



T, VR IS, 45 - B T s UM 22 I 4 i AL 3 2 e PR

- 63 -

43 5
30
— EXACT
20 —— ACNN
zZ
< 10
£
® 0 |‘
-10
20 , A . .
0 0.5 1.0 1.5 2.0 2.5
SNz
(d) 40%Me
30
— EXACT
20 — ACNN
Z.
< 10
= A
#® of |
-10
_20 1 1 1 1
0 0.5 1.0 1.5 2.0 2.5

SR Hz
(&) 60%N7
7 AEREKETHEHENEEIRA LR
Fig.7 Random dynamic load identification results under different

levels of noise

THEAR B AS [F] M8 75 7K 7 Bl AL 20 28 1R 1) 45 2R
B Enyse F1 R G032 1 F/R 45 BRI, 25 B AE 4
JEAZ W R [l B AR B (5 B 3 S T I RACE 5K
B, %F HeAZ 48 CNN, #J | ACNN X GARTEUR K LA
RUEA T I 7 S8 T P T 04 AL 29 28 1o 1o [ O R 1
L, TR 2 far 45 S RoRG T v, BT PR BE ) T
Fz1 ET ACNN MFEN B FR A E

Tab.l Random dynamic load identification accuracy based on ACNN

W U K1 % Epys/N R

0 0.990 1 0.987 4

5 13105 0.974 6
10 1.195 6 0.977 5
20 1303 5 09713
40 12310 0.979 6
60 1771 3 0.953 1

3 &KiE

AR ST HoF WAL Bh 28 far L ) L, o — 2 ACNN Jif
FHF B BH 2% far 1R 453, 1) FH 2 T 45 AR AT L 3 A Jk
2T IR sl R A A R AE B G R A L R
H—FP 5T ACNN [ BENLSZ A N 7% @ i
GARTEUR "WHLA A Y B 20 25ty R0 S e 25 1L, 15
AT 258 .

(1)ZET ACNN W BEALSh 2T H 0 7 1k RERS LA

HERf ARt U VR HIES5HY L i BE ALl 281 5 1]
DI ARBETHRIE CNN, ACNN il 42 S 5ko%e 1 Kl
2200 2% 1 S B, I O R R e e 2 )
SR RAIREE R B H L O RE D S P TEE

(2)ARE TAL G sh A R 7 ik, A SO ml L
HHISEHE N T8 RE B AR L T F s 4K 5l B
ZE 2%, G % 8 7 VR M LU AR IBORS A A Y 52 N Mg
TR AT 5 B3P 5 2 5 R 58 ) A, 2 — el 2 14
ST PN TT 3, D4 R S AR A Bl A A U )
S Bt TR R AR R

S

(1] WEE A S IITTIE] 15, 2015, 45: 29-54.

[2] LIU R X, DOBRIBAN E, HOU Z C, et al. Dynamic load identification
for mechanical systems:a review[]J]. Archives of Computational Methods
in Engineering, 2022, 29(2): 831-863.

[3] MIAO B R, ZHOU F, JIANG C Y, et al. A comparative study of regu—
larization method in structure load identification[J]. Shock and Vibra—
tion, 2018(1): 9204865.

[4] WANG L J, LIU J W, XIE Y X, et al. A new regularization method for
the dynamic load identification of stochastic structures|J|. Computers &
Mathematics with Applications, 2018, 76(4): 741-759.

[5] B4 MR JET IR L S AE BRI TS D). FEPC: H DRI
HEIR2F, 2000.

[6] sk 7, ARTERE. KTl 0 KA R i S AT U0 ). diksh AR
2, 1997, 102): 156-162.

[71 REW BT LM B i S B U ST pE 5T (D). B et B
TP A AR, 2018.

[8] W fREE, FIik, LA, 5. FlG — AR PR P2 I ) [ )00
FREATTI APM A% iR o] s UM i 0] EALAR T AR,
2023, 34(3): 359-368.

[9] YANG H J, JIANG J H, CHEN G P, et al. Dynamic load identification
based on deep convolution neural network[J]. Mechanical Systems and
Signal Processing, 2023, 185: 109757.

[10] 2 W8 % e, 4 VL, 55 TR SE 4 22 16 2% 1 ) 23 A 481 )70
S WLES 23R, 2021, 42(7): 224452,

[11] A7 R R, RREPHRE, 55, PR BEALSN 20 10 15 5 RrIE AR IR 5
FEMZ R TEI]. Az 2542, 2022, 43(9): 410-420.

[12] HWEE, R, X 2, 4 BT Green sRECHIE WAL B 2458 Aif
PUNTTEELD. JRsh - ML 512 W5, 2014, 34(1): 124-129.

[13] SRAELL. JE TR 2 M 25 19 NS U AF S [D]. KL K,
2018.

[14] % g, m B IR RN SR Y SSD A BRI k)], 5L
RGN, 2020, 29(9): 149-155.

[15] M HRF, MWL, #7575, 55. GARTEUR ~RHLEE R AR S 40 S5
RUBIEE AR BREA 5 T, 2019, 19(25): 105-111.

(st A)



