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MEMS gyroscope random error compensation
based on CPSO-optimized BP network

Li Han  Hu Shaobing  Cheng Weibin

(School of Geophysics and Petroleum Resources, Yangtze University, Wuhan 430100, China)

Abstract: Aiming at the problem of low measurement accuracy due to the existence of random error in micro-electromechanical system
(MEMS) gyroscope, a compensation method based on chaotic particle swarm algorithm ( CPSO) optimized back propagation ( BP)
neural network is proposed to deal with the random error. Firstly, The MEMS gyroscope data are collected, the reconstruction parameters
are determined and the phase space is reconstructed using the C-C method, and the chaotic properties are analyzed and verified based on
the Lyapunov exponent. Then, the reconstructed data are used as the training samples for the BP neural network model. The BP neural
network model is trained, and the weights and thresholds of BP neural network are optimized by using the CPSO algorithm, then the
optimized model for error compensation is obtained. Finally, ADXRS624 is used to validate the compensation effect of the optimized
model in static experiment, and the compensation results are compared with BP model and particle swarm optimization ( PSO) model.
Experimental analysis results show that the mean and standard deviation of the gyroscope output errors are —5. 76x107*(°)/s and 5. 19x
107%(°) /s, which are decreased by 68.6% and 98.4% compared with the BP model, and 52.1% and 93.5% compared with the
particle swarm optimization model, respectively. By comparing the error coefficients after compensation for each method using Allan
variance identification, the quantization noise, angle random walk and zero bias instability after being compensated by CPSO-BP method
are reduced to 0. 000 59 prad, 0.001 51 ((°) - h™?) and 2.82 ((°) - h™"), respectively. The new method has obvious effect in
suppressing the random error and can improve the measurement accuracy of MEMS gyroscope.

Keywords : gyroscope ; chaotic particle swarm; BP neural network; lyapunov exponent; allan variance; compensation

Wik H 11.2024-04-22 Received Date ; 2024-04-22
w FEA I H WAL S & T (2020BAB094 ) 3 H ¥ Bl



5113

CPSO 4k BP P45 1) MEMS B2 R H] 1525 M - 229 .

0 35l

il

P % THL H 2 48 ( micro electro mechanical system
MEMS) (% Ji& , MEMS Bg 8 DL /NI AR B A i s 1 BE
SRR AR S0 B4R A STz B ]
MEMS BEBR3Z BRF 6 VE 125 #dk iz sl s 5t 140 55 v
ZHFE S AR R 05l R G0 25 MR AL
25, RGE1R ] 3E i 22 U B FAS HEHEA T AMES , T BEAIL %
RPN AL AT

BEXF MEMS FERRSCRf BIL 5 22 A2 )8, H i 5 k]
I3 R MR A M P R, R M R AR 2 A
T2 #RE e b (HRBR T B BB R R T H AR | i
TR M TR R R RS A R 2 AR TR K
A RIMEE 18 AR JEL 2 o B MRS 1) 2 i 1 0 A, 0
i L0 2 AT PO RIAMES | 2 A 2 WA ]
B 1N EZ G S

Ding AT PR 10 35 T O AR 0 M2 43 if ( variational
mode decomposition, VMD ) -5 /)N {8 A9 2= W 5 BEAS %
TP iR ShAEEE Y ¥ J7 12 2% B VMD S50k i %L
PERr AL T RE 2 S BUR 22 060 & D sh AR e A T
B, R0 TN A 2% 0 Al e s [ 5 B0 KGR 5 ) Sk A
P — BB LT A 1105 Sl F- AR AR A o A T B AL
BRZEURIE Ty % AEBE R TG VA o SR AE B 5 B 1L 15 2 B3 al
{1 s AL R AR etk s AR R AR Rt — R O B
2 2% 5 K S A2 e 2 D 2 AR 5 B O RN 3 (EUARD
NG AT B s A/ N2 R — P LT — S B 4
2 SR ZE AR 45 G iR 22 1M D 1k AR R WS
DA BT R ARMERCR B I 258 %

S [ #54% (back propagation , BP ) #2228 S5 & /)N
HEA AL B RE Ty (025 5 b A e, o4t
FEARBEAIL 1 22 ARG B2, 4 Hh — P IR DRL 74 ( chaotic
particle swarm optimization, CPSO) {4t BP #1232 o 4% 114 4t
BT V5 o 1 2% B MR e 7 R AT A 25 8] A4, )
FHEAE) 5 0 B[R] 5 1) 4 7 ft 228 O 46 33 00 A2 780 3 o
CPSO FEVEN A X 26 ASTAY 14 3 (B AASARL , f5c i 38 ek 5 36 36
UEBHY A Rk

1 SRR EF S

MEMS FESRBEHL DR 22 1] B ) — > 15 il BE A 22 1z
T PEM A ZYEAR LM R G, HHEA M 2%
LIRS B FO000 (4R 0 R AR 23 T T A O s, o 2 4
2 A R 4 3 25 38 AL vh LA MEMS BESRBEDLEE R 5
B Al B — 7 PP 3 78 5 S AR ELAE T 14 b 7 e AR Al
AR L, AR e PTG JEE

1.1 H=ZFEEN

ARSI 20 P Bsf 1) 5 B4 2 Ly, ooy, 0 RO
FI AR 41 A b ZE IR B ) 5 1) Takens' " A E B IR
AEMrpEA P HE —SRERETTUERERH X, =[x,
et X ) »i= 1,2, N N=n—(m—1) & EHH
2% (6] Al S AN, O AE R INHA]  m X A 4%, Takens
UE AT AR B — > 5 38 A9 i A 2R 55, BT 2R 228 3R A bR iy
M m=2d+1,d BN I RGEWUEEL, FE X IR A 4 %S (1]
BRI DAY 5 |5, R HE R AR A R i R B A
RGN L SFRCT s R4, B4y 50 b & F
FIT A RS T L7, FE SRR N TR RS T — B 21
PRAS DT A YR B[] 7 57) 0 90 0 B85 7 1 1 S 1) B
filf, HALRRIT .

D) BRI FSN R {2, 1i=1,2, - n | HKEE DT S 5HE
Xpaimoy o | PO i+k+(m—1) THF 2] 1 {E
Xi(menr) o T

X

{xi’xHT!'”
Xivk+(m-1)T> R xi+k+(m—l)T:f( XisXjpr, "
WEC k=1, g H0,

2) H 0T 5 A A A s 1R FE AL, A5 B N A A
B LR INREA A S ATE R

X X Xt (m-1)T
X = Xy Xpur Xos(m-1)T (1)
L X X Xt (m-1)T
X 7 ) SO SR R R
Xos(m-1)T
Y= x3+(r.n—l)T (2)
L X114 (m-1)T

BHAMAE X, X, X, TERIRFEA A
X IO RIS OH () a (o) £ % e cmety 10" 5% ) o
1.2 EMSHERE

FAZS [ FE A L R i A AERL m NS [ SE SR T2 DG
SR, SEOITHR TR A AR EGE  BAR Bk
M C-C 3, C-C M H A 5 2 B 5 1 B ik
PRI P R T AR AR, LR R OGIB AR 4, AT [] Bsf -5 o1 i
RESE] © AERET R Ot = (m—1)7, 25T .

DB w2, , 0,0, 538t DAFSSET ]2, K
B K floor(n/t) , Forp ¢ BB YERI A [ 1, maxd ], maxd N
e KB RIRER | floor A 1m)_LIBCEE , FJF51)R .

{xl Xiv1 Xoysn }
{xz Xiv2 Xy } (3)
{xt Xy Xy }

2) PHRARSCR Y e pR BOE S (4) Bos



- 230 - S 1[I I IV = 3

38 &

c<m,n,r,z>=$ S oor- X -X ) (4

Forb r BB UE LA 6/2,20] 0 HIFF
Wir#s, 6 (x) N Heaviside BLA7 R %, HE XN (5)
FioR

o(x) = {O,x <0 (5)

1,=0

3) A EA TP IG i

1 ¢ n n
s(m,n,r,t) 272 |:C5(m,7,r,t) - C$(l,7,r,t) :|

s=1

(6)
RN
AS(m,t) = max{S(m,n,r,,t)} - min{S(m,n,rj,
) FG#)) (7)
REIn=(8) Fim R .
S(z)—EZZJZIS(m n,r,t)
A§(t)=?2 AS(m,n,1) (8)

S, (1) =AS(t) + |S(1) |

Hob, S (0) WA FIFFIM ST S(m,n,r,, ) 1Y
BIE,AS (0) 5 — A/ IME N 38— A JR i dsc R B[]
S, () ByE/ME B B H
1.3 ZHEiERIEH

FEAAZS [R) A (4 S Al SR FH 2 A 345 O 48 450k
ARG FIRMARE . Y RG22 i K35 5
R IERT, R AH A 8] A S DU A O K, B R
%ﬂﬁ“ SRR 0 R, AR ORI R 1 B 7

25 () 25 A ) T Ae 8 BT s A B, R 4
%%fjbtﬂiﬁ%m%% P, B wolf 3217 SH5 2 X
TR BRI .

1) XTI o (¢) SEAS AR =S 1]

Y(t,)=[x(t,),x(t, +7) = ,2(t, + (m = 1) 7)]

(9)

2) WA . Y (1) BIEIT A8 N Y, (1) , P E]
BN Ly=1Y (1)) =Y, (t,) |, HALE] ¢ B2 H (A0 L) =
1Y (1,)=Y,(1,) |>e,e NIEE /N,

3)VHE Y (1)) BT S H—A 4 Y, (1)) , BE Fikid e
BLE V() ARG, K R g AR B, T 5 K 2
i%ie?”i&ﬁ

2 logz (10)

A_toi:1 -1

e 1 F)?/T,J?il%ﬂt?ﬁéﬁé?ﬁ%i%ﬂi?‘éﬁi@ﬁﬂ&ﬁﬁ
H A R W RAEEOR T 0, WK oR REGAL TR TR

A5, T RAXE MEMS BESRECH b FHTRIEIE A

0.4

PRI

o

0.0

20000 40000 60000 80000 100000
RIS
1 B sRAG R 8 2R R 4 R

Fig. 1 Lyapunov index of gyro output sequence
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