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Nonlinear decoupling of parallel six dimensional acceleration sensor based on
grey box extreme learning machine optimized by sparrow search algorithm
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Abstract: The high-precision measurement of the six dimensional acceleration sensor can effectively improve the control effect of the
chassis anti-rollover control system, but the inter-dimensional coupling of parallel elastic elements can bring nonlinear errors to the
sensor. The use of extreme learning machine algorithm for calibration and decoupling can effectively improve the measurement accuracy
of the sensor. However, the traditional extreme learning machine nonlinear decoupling algorithm has low accuracy. The use of the
sparrow search algorithm can obtain the optimal initial weights and thresholds of the extreme learning machine. At the same time, the
maximum between-class variance method is integrated into the sparrow algorithm optimized extreme learning machine, which can explore
the inherent coupling relationship of the six dimensional acceleration sensor. By converting the traditional black-box extreme learning
machine model into a gray-box model, a decoupling algorithm for sparrow search optimization gray box exireme learning machine ( SSA-
GB-ELM) is proposed. Through experimental verification, the nonlinear decoupling accuracy of the parallel six dimensional acceleration
sensor using this algorithm is significantly improved, with a maximum error of 0. 023% for class I errors and 0. 046% for class II errors.
The decoupling time is 1.095 seconds, which can effectively solve the nonlinear coupling problem of six dimensional acceleration
sensors.

Keywords : nonlinear decoupling; six dimensional acceleration sensor; exireme learning machine; sparrow search algorithm; maximum

inter-class variance

Wk H . 2023-06-28  Received Date: 2023-06-28
* FATH . HRK ARFA LS ERE 4 (52205043 ) 01 H %)



5510 3]

FEF SSA-GB-ELM %) -5 27 2 i ok 5 4% i Al 2 M feod - 107 -

0 35l

il

UG A% 1) 75 065 T 13 3 MOl A 04 T b R P 1Y A
BEFEARZ — o 7S HE N 2 32 A% St v L) DU A5 48 o7 2545
B R IE T TTR B By (0 B8 4% 1 3R 42, MR 4 b TP 52 B
AR A I A8 8 Ok A5 T A A A S A HUE TR A AT Bl
WA, 20 2 A% B D HC 5 2 w38 32 L T
BRESWT VR HOR BTG 09 AL BRI 5 0 45
A ARAZ B TSR R 2k TR B R Y
Wi A2 SR ) B A B2, i A 1R 22 A AR B R B A i T &
G PR G B, PR T BR 4R R HE 5 2 42
2o YA TR I SN E AT ST IR pRioH s T 1) S I

BEXF 22 2 A% IR S 0 1 A TR A 5 R) R, AR 22 o
O B ST S A AR T TR ARG SR
ST A R 1) SR OO P 4 R AR PRI R, LN T A 2 C 55 A
RO RIRG R G AR tE R 22, R, B T 45 2 4L
I ) R AL O I R L

SCHR[ 7-8 14 I d5e /s —3fe ok % 22 AL SR 2R 47 2
fihl B Z AR RGN AR R A 8 2 e i —
RAMEGE, IR W ( support vector regression,
SVR) 10 S 2 Uk 11 28 Al 2 M g 8 0 A K DL AR
SVR [ PEREIE T4 s B S B e P AL, B0k B
JERGE o PR EAE Ry — ARG RS, H X 4%
AR I AR LA i R B AT g B O | T REE )z
i, SCHR[ 11-13 ] f ] BP ffr 28 00 25 F A 1) 35 b 22 1)
2N ZAEAL IR AT T AR L A, (H 3 5L T BE 1Y
AN A R R CSIGH B R 1%
Bk ik — 2 N SCHR [ 14-16 ] i B BR <7 ~) AL
(extreme learning machine, ELM ) Xf 2 4 1% J&& #5 £ 17 ffi
ISR W SIGH R B R A B BB B (AL
FEMEEZE H A A R R . 413 ELM AR Z AL,
SCHR[ 17-18 ] i 4 FH R (AR R DG A 53 vk e atE A BR 2 >
B, 3 ELM S35 ARS8 PERN TO0IMDRG B, SOl PR 27 )
BT HEAT 22 e A% SR S50 voo R B8 ) AR 2 Mg | 2R T X 2
BET 028 P28 A R R 2 T RAE AL (R A i
P R R T A DA S TR BB 2 A A e T
ARG RRTINSERE N 25 T LA G 248 I 28 B30k 1Y
TR PRSI 4G g S (40 IR A e RS | DA T o — 25 i
o kAR

LA 75 IR R FE R, SRR — R AL IR R 27 ) Bl
BN T4 AL A AR LM A . IRk 2
FRBE T BR 2% 2T B e A0 1A AU | 1k 42 =
ELM {1 i AS e PR AR B2, [R) I Rl A i R ) Oy 26 1%
AR FNG AR A R FFPEIE O ASRRE N 25 45 3] — Fif
PN L AR RV AR RS A SRR i 1 P T 5 It S

 TTBRELAE D AR 2 P A R ASE 2 Ay AL, T DR S g R
BN BEAE . A5 Fh AR S0k 1 LU SRR T X AR 1k
PRI R 2 T BILSHE I it RS J3E AR AR, HAT B SR AR e P i
WERE ST, AT AHEA T 7 A Nk B2 A2 St i i B S A

1 RUEMEEERRRA N

L1 FRHENNE B 1 R 2R 45 A0 48 & SRR

INHENI R E AL AR PR PE ST A AN 1 B e —
FHEE T Stewart HYIFHREE K, 2y B B XUE
B IR LR RO B FE R 3 AL L i TR
AT [ A 5 | 2 A5 IR 52 BN [R] 7 1] O 4R Sh vt 2% 5
P73 SCRF IR AL it 2Z A1 77 A AN TR R L AR & 520

BT oS HYENn s B AL s ST 45
Fig. 1 Elastic element structure of six

dimensional acceleration sensor
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Fig.2  Structure of extreme learning machine
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Fig. 3 Decoupling process of SSA-ELM algorithm
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iﬁu}\/( mes ) (lx (L} (L: (LX (l} (LZ (l'v (L), (L:
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