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Research on improving SHAKF algorithm to eliminate random error of IMU

Ma Xinghe' Bi Wenlong' Zhu Hang' Yu Zhenzi’

(1. School of Electrical Engineering, Henan Polytechnic University, Jiaozuo 454002, China;
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Abstract: Aiming at the problem that when the Sage-Husa adaptive Kalman filter ( SHAKF ) algorithm is processing inertial
measurement units ( IMU) , random errors are likely to accumulate over time and cause filter divergence, an improved Sage-Husa
adaptive robustness Kalman filter (MSHARKF) algorithm is proposed. First, build a suitable model for IMU, then combine SHAKF
with adaptive robust Kalman filter ( ARKF) and incorporate it into the improved time-varying noise estimator, and then introduce the
optimal adaptive scale factor (o, ) to the measurement equation Tteratively update, and finally get a new predicted covariance matrix to
be substituted into the original equation. The experimental results show that through the Allan variance and root mean square error
(RMSE) , the static/dynamic data before and after the MEMS-IMU filtering is calculated and the random error noise is reduced to one
ten thousandth and one percent of the original data, respectively. Compared with other algorithms in this paper, this method effectively
suppresses the filtering divergence of the algorithm, thereby improving the measurement accuracy and long-term stability of the IMU.

Keywords : micro-electromechanical inertial measurement unit; Allan standard deviation; adaptive robust Kalman filtering; random
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G (AHRS) PAEI T ) Z WL A, (H i T HpEPLE =
FIET AR R 22 5K, 7 kG B I FH S0k e v 5 At A% R
S, AN IRBE Whdh R T RIALAR N ) A
AR, T EE 2R 48 9 15014 DU 2 550 ( MEMS-IMU ) H MEMS-IMU (g8 ReReAt, Bk, b T8 Rtk
BT ILEE R oA AR B IR A S % e, WEAE M BENLIRZE B PORE R IMU PERE .

0 5

il

ks H . 2021-04-18 Received Date: 2021-04-18
w e TH R ARFIEEE S (182300410280) i H ¥ Bl



- 60 - LSRR R e o

LURRE

B3 IMU B REAL R 22 4b B E A — 207 3%, IR TE g
Pt MRz g 2 g6 A S A il (EMD ) B AN AR
el T A LL T BEORAE TR IMU Y MR () A
— B AHAE AR MR (AR 43 M7 A5 5 A S I 3 &2
IR R ZhZAS A, AR EREE T R4 A& B bk
JrEAE AHRS 2GR RARBEM™ . — Bk, KRS
IV (KF) 7238070 IMU I BEALIE R RN 5 10 T 5K %
B o B IR A 2 A B AR S g e e Sy e L (H
AR AT, DI KF B £ Bl 25 15 1) 0 4
i PR, 7R IR 2 B (EKF) 5 0l R IR 2 0k %
(UKF) #2557 KF 763 85 90000 0% 52 68 1, (BAF 7R 115
R MGG/ B IR AR SRR N S T, R g
ZEROPERE' L SCER[ 11 ] & 48 KF L 48 T —Ff {3l
MR IR S U8 I (ARKE) (1 7 3, 76 P b 2345 A A5
SRR R S 0 R 30 Sl A SR T AR
F o SCHERD 12 80 B 7 80 T Uy 22 JE R, R 4
A B I A 8 1) k1 2 250 HL Ay A R A TR A, 3K 7E s A
S FARMEBR R, SCRK[ 13 ] 2R 50 F i 0 e 75 45 DU S
ik, 15 5 1 B R B IR AR 22 5 1S 2 A R A T
T REEEL, LT LEE 5 MO R

AT Uk B e R A MR I R R
ARSCEETF B AT RS $E T — M B ) Sage-
Husa [ i N &9 R /R €595 (MSHARKF) . B 562 T
BIE ) MEMS-IMU & 85 IR 745 25 () iR 22 A | Hk 5|
AT BRI B g ok i e e A S N A o, R
RS T R 22 A T3 . SRJG 50 UE T MSHARKF
RIS . R S5 = AR AR IMU B S R sh 2
£ B MSHARKF 83k iy M i 5 H b B A Bk b A7
T, RSN, 2R ESRSAIS AT TR
BEATLIGE P IV R 15 25 25 M UR B £

1 Allan FESHHIRERE

1.1 Allan FZ

H T, MIMU Fifi AL 15 22 g A Ak 1 J7 i, i an @ [l g
(AR) B3 P2 (MA) FlE [T FS 3 - 458 70 22 2 1y s
B P FNALTY ) 229 F & F T IMU A% Jk s 14 Bl AL 1
% (HAERRS ST B RS ) A3 BRG] IMU Rl
PLRZERFAE, Allan J7 22 152 ik el 1 fiw,

TERTIAT B v, Allan J7 25 76 5 28 40 A i L il 1
A7, FEr B P 00 e B G Y i e B ) 4 A e K R T
SERECRD M, BEAS)  SERERIEE N K, , BB K B
N,y AR M, DFEAS AR AT
I

My

. 1
w,(M,,) =M721w(k71)Mm,+i (1)
AV 1=

EALmR A
FRIT (=105

R HAER
=1 0min = A ENE A1 [=101
SR ) an *E?'&B‘J‘l’ﬁl,:lh KIN [, n
y HEE

FE=1 ¥

AH SR B ] =1min S T
=05 A SR gt 7

Allanfr#fE Zloga(r)

T R ER=]
BE s pbL:
AR ) =1h

FAIRI 1% Htlogt
K1 gy ERER SRR 2E C R
Fig. 1 Relationship between curve position

slope and random error

S o, (M) IR K TR, b = 1,2,
Ky o Allan 772 S 5 1B I ] ) 1 5 B 2
B

Kyt

Z ((;)k+1(MAV> - d)k(MAv>) ?

(1) =

2(K,, - 1) (2)

MAv N N b g
J—ZEEP : T = T %*ﬁﬂélﬁltﬂ ;0'2( TM“,) %i'ﬂﬁuﬁgfn E(J Allan

5255 f, ERFENA
1.2 IMU MEFS1&%)

MEMS-IMU 2 B A7 75 M 2=, FL [ A0 KRB r i 25 25
B BB 1 AHRS F) o7 R B i o 0 R RS, A
B, 75 BT & BT A ST D i PR T AT SR e e B TR T
SR

— Rk U, ff BE RE AL E (ARW ) i 22 5 £ M
(BI) 2P b 32 2 A Bl AL 70T LR o M 7 A5 700 ] 3
A

ARW
- k =Y. . k -1 + U, 3
Yars () = ¥ ( ) JAT) (3)
ybi(k):(l —IAT)}’a,.W(k— 1) +,3m'31'ub[
k=1,2,--- N (4)

A B OAMERTAISC R, R GRS 2 (AR AT LI
PRI R ANTE

S0 Yara (B = 1) TR ,, (k= 1)
%= (k= 1) u,(k - 1)

(5)
[yam(k)} [ 1 O} [ym(k -1) }
X, = = +
y[)i(k) (1 _ﬁAT) 0 ybi(k - 1)
ARW
0 u,,(k=1))

{«/(AT) ][ - } (6)

o BJAT-BI|- "

ARW 5 BI B A CPER 7 22 00°F



12 3

ik SHAKF S35 R IMU BEHLIR 22 B90F5E - 61 -

Elu,,] =E[u,]=0

Hu} } {Ui,w(f) 0 }
E [ Uy "= Oy
Uy; 0 O'i-( 7)

(7)
. ARW 5 BI M5k g 3 (e S - HAE G E it
ST, AT ZERFERFE], o (T) Fl o (T) 430lJE ARW
MBI W22, 6, NEF LR XD N /R E

s _{1, k=1 )
"o, k1

2 Eigo

2.1 Bi# Sage-Husa Bi&EM K /REIEHK (SHAKF)

B R AS AN o M P 0 AR R 0 A O, R
Sage-Husa H iGN /K & U8 I, in A 25 75 A 3125, 8%
fE AT I e 2] RS R 25 T 25 (AR E R
T ZI R LR A, AW HEA TR AR A SCHE I AR W 75 Ak
THEs R SRR BUM A 14 Z2 5 58 5 R SR L) e 75 B
T, GH—E AT, Z W TR G F AL
R HRERRLN

X, =AX,  + W, (9)

Z, =HX, +V,

S, W, F VG S bR e 7 A R0 M R
AR M S G s A TR A

ro., =(1-d)r, +d (z, - Hx,)

R. =(1-d)R, +d,(vy' - HP.H")

q,.,=(1-d)q, +d(x, -A,) (10)

ékH =(1- dk)ék +d, (KK, +I;k - AﬁA-AT)
K, r,,, Fg,,, A3 SR I R 22 R 2R G 1R 22 O B 1

A R, FIQ,,, R EHR 2% T R 5% 22 07 22 1o
THE 5 d, AL EREL,
d,=(1=b)/(1-6"") e (0,1) (11)
AT AT D 28 B 14 3 Sk %5 1, SR P4 BOIMAL
PR T b, IBEUR AL b (B0 3
R

bO.|.b1.|_....'_bk:1_karl

1-b (12)
T OV ik B

l_bk+1_

3 R P S BT 220

Do,k+1 :dk'}’k'}’: +(1 - d,)d,_, i : bkilii'yl‘?’j (13)
K (10) ~ (13) LA Tt InABOE 2 2 5 st s

Tkttt SHAKF Bk Ho
X, =%, + K,
;‘1: :A’Ack +&k
e, =z, - Hx, -7,
K, =P H'[HP,H' +R,] "'
P, =AP/A" +0,
P, =(I-KH)P; (14)
WIHEARAS B LR 22y 2240 W53 91 0 &, FIP, K, 2
HiE N R/R SRS,
2.2 ARKF
— Bk U, ARKF FH T2 (1 M s FnAg (o i s | A
Sk 11 v 40 2 A B0 I R 22 j s T B &
MR T o, R IRRE B A TR T AR R

1~ | I
K, = PkHT[HP,:Hl +Rk}
a, o,

%, =%, + K, (z, - Hk) (15)
A~ 1 ~
P, =—(1-KHP;
a,
3  MSHARKF

AR SCHE T et () SHARKE 55 ARKF, 2 ) ok 1
Sage-Husa Fifi V& HE-R/R S8, FIA “BUEHE 77k
Dol RN 8 22 X R G R E M IRE R . I H
FEAI PR 77 Sk il 11 A IE 552 B 28 6 v |9 R T IR A8 g 7
FEPTHE AL FIE RN R o, (] = BOk R S
Pt B3 IR, JE R B A T Ge R T
3.1 EEBERLGIRF

S B R F 3 N B o (84S S0
P N AR A BSAEL T 55 T IR A 0 S PR A T
AN o, IR REFEE ) S (B 5 S 1) TR 2805 22 07
AT, o EEEWR .

1 ‘AYO‘SCO
_ o cl_‘Ayk‘ ~
o, = — N 0 = JAX, < ¢
[AX, [\ [AX, |
0, \Ai,(\?cl

(16)
X AX, = x, —x, BEPRESMEIREME; | < C, <
1.5M3 < C, < 4.5 WD ITHFEMBUEIEE, RE

TR B BRG] | AX, | Fm R



- 62 - S 1[I I IV = 3 i35 %
|AX, |= V. (17) X'P'X, =nX} (20)
VCy 4) B Ay AR A R B 22 R AT PR

X |V, R Cy, S R T R S BN P 7 2556
P BRI %) SN0 B i A 0 B A A

;‘k_ :A;‘k—l +&k

P, =AP_ A" +0,

-1
K, = lPkHT[IHP,;HT +Rk}
a, o,
x, = [ATIA’,:A + aki;ki]il(ATI;I:zk + aki)ljil:)
€, =2 _H-%l; _;k

P, = (1 -KH)P; (18)
@
Frf R, S (10) A B T A0 A 0 0 Oy 2200
Wi, SR S RN 2 R . o, TERRURIEAR
R R B B B AR B 25 R T R 25 P Oy 22 U7
*.EI:I‘{EF[O

SR RIPIMRE BB T A
0. lsn. ;U~ ]éo\ 49,. Qm b qk=(l 7dk)qk—l+dk(xki'4xk)

K+1 |- PO
Qk :(1 _dk)qk.] +dk(KkkaTkKTk+Pk_APkA T)
W K ﬁ

TR RO A F F -
- (1-b) KRN HFEEHN: .
k- kel LI U PO
o) i i)
BOHD! e =
:_Z % :(ATPIrfIA-"akPk’)’l (ATPkflA*'akﬁl;)
(ot o +) T =1 h=(1-KH)F o
S F B 77 2 R - -
h=(=d )i od (ot ) | [EEERET SRR R
v}(:z’(_H)?;_rk I, |AX1]|SC0
fe‘:(l—dk)RH+d,(vkv{—HPkHT) ol G c"|“7“’ o <IA%l<e
| x| [aX
A’R?&?iﬂﬂ?fﬂi 0, | N,
x, =Ax, ,+7r,_ X, ch
RETRREN TS T ] _bit*
B=4F 40, ‘/CT

2 MSHARKF B e
Fig.2 MSHARKEF algorithm flow chart

3.2 MSHARKF Y8 o #7
MSHARKF (PR ZS B 5 B an=(9) ,HES T,
1) RS F 3T EE kSRS S0 (AT0iny)
2) BRI P T 2T

X'P'X, <v,X, (19)
INVXF TR A kIR 22 B Oy 22 5 B 2 40 R A
S

Q,,=E[w,_w ]

R, =E[v, v ]

MR 283 F 2, AT AR A58 22 0 101 B8 (e 1 Uy
BRI AR 1, Sl A sl

(21)

~ v ~ i=0
EX sn—"EX,f]_[(l —a,) +
k

k=1

3 [[T0-a)] (22)

1
s
HoPi 28 o, haU(16) Sl

4 ZEWIESSH

Y BRIEAS SCHE H ) MSHARKF 4 85 i T
Xsens MTi 10 %5’“&1‘%%%%Iﬁ‘@@ﬂ%ifﬁ%&ﬁﬂlﬁ%&
FH1 =l MEMS B8 SCRUMEE BT AR, X J5 1
FIRER L) 100 Hz S RAEIIA SRAE 1 h KR 42 31 i $idis
I LR PCLANE 3 fis, B 4 1S BT o R4
1) IMU %y 3 1893508 70 T iy S A 0000

W W\

"

MEMS-IMU

K3 BRI TR R AR

Fig.3 IMU data acquisition

0.02 — 7h

o
(=3
-
>

fHER/(rad s")

~0.01 SEEHIM

1 1 1 1
0 50 100 150 200 250
i [a)/s

Kl 4 MEMS =R {UR LA =
Fig. 4 MEMS three-axis gyroscope raw signal



512 3

ik SHAKF 533571 Bk IMU BEALIR 2 (5T - 63 -

~~~~~~~ X 4.1 BRSHEREMLR oA

FEHEAT Allan J7 2550 B 2Z 1, AT £ 2R 50 S5 il
HEPERESWTFE, BAHBRARER ARW B
7 R PN S B TG A2 1) DT I A SRR 1) A T L AR Y
BI Jj& MEMS-IMU Ji 46 046 i e £ 2 M s, i
Allan 4387, %F MEMS-IMU A% J gt 3 22 () i s 4 71531
b, IR SRR Allan J5 2250 A5 BB 25 Rk A 7%
W, angk 1 s, B Bk 09Tt S Allan J7 2250 B dn &l

0 50 100 150 200 250 6~11 T/R,
5 [A)/s N = N N 5
£ MSHARKF B3k RIUA I TE SilF5E S &,
= 1 1 o[ Y =} N =} Y
5 MEMS iR RS TR i HIE VAR L LM R ATREN @ W7 42515 0. 098
Fig.5 MEMS three-axis accelerometer raw signal F10.000 1, WIHATRILARAS X, FIEHIRED T2 P, 4
F1 BEEHET MEMS BEE INEEIT X, Y. Z Z5A) Allan FREZENITER
Table 1 Allan standard deviation analysis results of MEMS gyroscope and accelerometer X, Y,
and Z axis under static conditions (°/Vh)
GRS ARW BI Allan ppifE 2
X %y 1. 66x10° 0. 89x10? 0.70x10?
MEMS B2 iR 5 Y il 3.30x10' 0. 88x10" 0.18x107"
Al 3.89x10" 0.98x10' 0.17x107"
X %l 0.81x107> 0.26x107" 0.07x107>
SHAKF Y 4 0.39x1072 0.10x107! 0.50x1072
Z % 0.42x107" 0.31x107> 0.45x107>
X 0.42x1072 0.23x107" 1.14x107°
ARKF Y4 0.34x1072 0.14x107" 0.40x1073
Al 0.33x1072 0.31x107" 0.45x1072
X Hh 0.13x1072 0.69x1072 3.81x1073
MSHARKF Y il 0.65%x107° 0.23x1073 0.56x107*
Z 0.12x1072 0.83x107° 0.38x107™*
102
0.02 P A W 7 . o PRARAY MR
— — SHAKF 105k — — SHAKF
~~~~~~~ ARKF
w T ——MSHARKF
_:‘m\; ﬁ 10-4 ...... .~
] I e TN
ﬁ@ /\)(
& 10| \
. i ' ' L 1 107 L L L L )
0025 50 100 150 200 250 103 102 10" 100 10 10
/s /s
516 MEMS FEIBAX X Hli{F 5 il 6F LE AT Allan J5 22 18]
Fig. 6 MEMS gyroscope X-axis signal filtering comparison chart and Allan variance chart
102 ¢
........ E v =
0.02 S gﬁ%‘%f“ i
ARKF 10
001 —— MSHARKF 4
W I g 107
g i
< E o
# g 107
i
&® 10
107 . s \ - .
10° 102 10" 10° 10 102
i [6)/s i [6)/s

Bl 7 MEMS BEB24L Y 355 U8 B0 LA Allan J7 22 &

Fig.7 MEMS gyroscope Y-axis signal filtering comparison chart and Allan variance chart



- 64 - B E S AR 35 %
102
KEK{X@%
. — — SHAK
10 ARKF
_ " —— MSHARKF
] g 10+
2 i
g i 10
& 10—6
1075 10 107 100 10 10
i [A)/s I 1]/s

8 MEMS FEUEAY 7 s S I LAl Allan 75 2214

Fig. 8 MEMS gyroscope Z-axis signal filtering comparison chart and Allan variance chart

0.021 DR RS
— — -SHAKF
ARKF
———MSHARKF

l \;w‘f*a‘?wmww iffww w-mfw

I RE/(m-s2)

i
-0.01+

—002 1 1 1 1 1
0 50 100 150 200 250

i [i]/s

102
PP
10°] — — -SHAKF
Tt ARKF
W F el —— MSHARKF
& 107 e
g e,
E 105 _— = ‘b"n
2 ] /"’-'. \“‘-\.‘ ----- 1
107 . ‘ , . )
10° 102 107 10° 10 102
I /s

B9 MEMS JGHEBE T X S 55 U8B LA Allan 5 25 &

Fig. 9 MEMS accelerometer X-axis signal filtering comparison chart and Allan variance chart

102
--------- B
109 — - -SHAKE
2 . —— MSHARKF
10
p
£ o4 e,
< P = e
. =<
104 /"\
107 ,
10° 107 107 10 10 102

T Y S SRR EE A Allan 75 22 K]

Fig. 10 MEMS accelerometer Y-axis signal filtering comparison chart and Allan variance chart

o
BN
70.01»:-‘
-0.02 L I L L |
0 50 100 150 200 250
I 1) /s
E 10 MEMS Jhnis
JEAE O FN 1, BUGERAE R 25 R M E

&0 B R o, ATOIE 5 R 8 Bt O T RERE IR
PO, R ERREIE R C,=1.2,C, =
4.5, M Allan B 43 #H75kF , MSHARKF &1 4 P fig 5
{3045 5 SHAKF Fl ARKF 205 76 08 I i 5 10 v i ik
1T,

Allan FRfE 2115 FFE A ARW FI BI 25303 1
FiER X 1R MEMS FERRAY = il 7R 45 A5 215 H Y
FRifE 2, B SRS 8 IS A5 2 Y IMU =B 2R 22
PR SAJ (LRI A o 22 359 00 T A D 0 T 40 I iy 285 S, A il

MSHARKF BB | A5 25 550N, Bl 20 28 D 06 504 1 1/
100, Tt W B AL 15 22 TH BR A R8O B i
4.2 hSMEENK 5

Allan 75952215 5] 11 15 22 0040045 205 0T AH S a]
i ARURR TR AR N B B[R] A T AR A TR 25 AR R K
AIEEPEZE . IR S (RMSE) A4 T L2 Ju%k, X S
BT SR B an SR 700 A 5 55 B {A AR 22 82K, RMSE B
SRR, S T3 A8 %4 NI IMU $dl 5347

# MEMS-IMU( Xsens MTi 10 231 23845 L AHL R
gt b, 0 SREICAMLER B I s ) (AR 13 2 ) 8038 RN 2 4



512 B B SHAKF B3k Bk IMU BEHLIR2E IR 5T .65 -
107 ¢
a0z e RRE SRR o R R
— — - SHAKF 1051 — — - SHAKF
ARKF . ARKF
»: 001 —MSHARI‘(F i ] ——— MSHARKF
g WH(T & 10
® e w2 1% e T T T NN
= i i = = :
0,01 10°[ ﬁ
-0.0 g L 1 1 1 107 L L . . )
0 50 100 150 200 250 103 102 10" 10° 10 102
i /s I 16D/

El 11 MEMS T 7 #5518 T LA Allan 77 2 &

Fig. 11

PR TEShAEE b, A UM Sage-Husa [ 38 W R /K2 |
R RS FIEE Y MSHARKE rh 375 0t 75 1 2 e 75 1)
5%, KM RMSE HIETEAG AR o, LA 2 8 5644 F
HIBE AR PERE . AR MNE 2 fian, WL 2 i L
tH, MSHARKF 35 )2 I B8 o 22 g, 45 SR 5 A%, i
HABWREAR T IMU b i 2 A Fo o 1 5 A B2 Rl AL

~ 45 SHAKF

2 ARKF

£ [ — - MSHARKF

£ 40faaaaaee % N N =

= Wi W A T

35 S Y o]

& 3.0L . A . . '
0 50 100 150 200 250

It [
12 MEMS FESRACHAR 8 2 £k J
Fig. 12 MEMS gyroscope body fixed angular velocity

SHAKF

~43 ARKF
b — MSHARKF
E£4.0
% 35
B
3.0L ‘ ; : ) ;
0 50 100 150 200 250
i TR

13 MEMS Jinie B2t Jin sk

Fig. 13 MEMS accelerometer linear acceleration

&2 MEMS-IMU RSB ATRIRE
Table 2 Root mean square error of MEMS-IMU sensor

FESEAL RMSE/(°/s)  Fsk it RMSE/ (m-s™2)

TR E AR 5.40%x1072 6.50x1072
SHAKF 1.34x1072 1.30x1072
ARKF 2.10x1073 4.30x107°
MSHARKF 1.50x1073 3.10x107°

5 Z5 'la@

A SCHR W T — Rk 3 ) MSHARKF , 5% 387 09 11k

MEMS accelerometer Z-axis signal filtering comparison chart and Allan variance chart

e BT AR IR P Y, B E T LA ARW IR R BI 1

P MEMS-IMU J5 46 80408 o 59 P Ak R 2 REPLIE S . 51

NTIACY- 1 22 35t s PR -5 i) BRI 18 A 5 o Fe i L7

Xt P EAT HI 55 S 4 . 7ESE 8 R, SHAKF  ARKF 5

MSHARKF 5535t L, fERRAS 25 0F T, A Allan A o 22 1

FHE] ARW 7 I /0 0 JFORAY 17100, BT BRF U0y i

KHY 1710, FEBIAZAE T, LR £ MSHARKF 5935 F

PRI AR R 22 /0N, TR B2 B . MDA R85 2R b A5 i

25 AR SCITHE H ) MSHARKF S04 76 0 45 R 8h 25 46 1

T W EA RAFAPERE 980 T IMU AL SR BEAL DR 22

RIETHT IMU B

SZ 3k

[ 1] #ME, 308, 5k, 4. MEMS FE SRS Bl HLIR 22 59 910

SRR T BT[], I S A g AR i, 2017,
31(1):15-20.
SUN W,WEN J,ZHANG Y, et al. Research on random
error identification and noise reduction method of MEMS
gyroscope [ J ]. Journal of Electronic Measurement and
Instrumentation ,2017,31( 1) :15-20.

[2] &, RBS KA, % BT /G AL 9 5 4% MEMS FE

WRBRAE K es BB I A B 2 S AMEE DT RS [T ] A
PN ,2020,41(8) :110-119.
WANG L, WU D H, ZHANG Y D, et al. Research on
dynamic  lag  compensation method based on
magnetoelectric encoder MEMS gyroscope calibration and
high-order filtering [ J ].
Instrument, 2020, 41(8);: 110-119.

[ 3] ZEoRuk, BRGME, XIWI, 4%, BT LSTM ¥R HZ 22 I 2% 1Y
MEMS-IMU $ 2881 K b3 i 5wk [ J ], v SR A
2#4,2020,28(2) :165-171.

LIR B, YAN J SH, LIU G, et al. MEMS-IMU error
model and calibration method based on LSTM deep neural

Chinese Journal of Scientific

network [ J ]. Journal of Chinese Inertial Technology,
2020,28(2) :165-171.
[4] Fr30H, TAMW, FI7R. 5T BP #1Z4 M 4% 1 0 AL



66 - R R %35
IMU AL AR TUAR IAME L [ 1], B 700t 5 A SRER) ,2018,43(11) :1667-1672, 1680.
2£4,2020,34(12) :19-28. GUO SHL, WU M, XU J N, et al. Adaptive fading Kalman
QIAO W CH, WANG H Y, WANG H D. Compensation filter and its application in SINS initial alignment[]J]. Journal
algorithm for UAV IMU multi-sensor redundancy based on of Wuhan University ( Information Science Edition ),
BP neural network [ J ]. Journal of Electronic 2018, 43(11): 1667-1672,1680.

Measurement and Instrumentation, 2020, 34 ( 12): [13] 7% b, Bk ny MEMS g B2 BE L S [ & 6
19-28. Kalman SERFUENE ik [ 1], J6F 5 4,2019,48(12) :

(5] #%4E, X0, ok, 45, 6 TRl EMD i LR BE 183-191.

BRRE BL TR 22 B 7 vE [T, AR X R 22 4, 2019, FU J, HAN H X. Improved MEMS gyroscope random
40(12) :196-204. noise adaptive Kalman real-time filtering method [ J].
YANG J H, LIU Y, CHEN G W, et al. Random error Acta Photonica Sinica, 2019, 48(12) . 183-191.
modeling method of micromechanical gyroscope based on [14] SR, ETIR, E/ANR, 5 —Fh& B iE N AR R
improved EMD [ J ]. Chinese Journal of Scientific BRI B AR AAXT AT RN [ 1] = TR,
Instrument,2019,40( 12) :196-204. 2018,39( 1) :94-100.

[ 6] XIHEATE, 28R, FT/NJr 2209 MEMS IMU BEAL ZHANG X, CUI N G, WANG X G, et al. A robust
RERE R A G vk (], P E BB R, adaptive volume Kalman filter method and its application
2016,24(1) .77-82. in relative navigation [ J ]. Acta Armamentarii, 2018,
LIU F,REN ZH, LI Q D. Indirect estimation method of 39(1) :94-100.

MEMS IMU random error model based on wavelet [15] TEnZR,RWNE. —FF MEMS [g 12 VLIRS 1Y) = kS B
variance [ J ]. Journal of Chinese Inertial Technology, FETTIEL)] . dE RIS I R R #2441, 2016,42(8) -
2016,24(1) .77-82. 1584-1592.

[ 7] XU, XE, RiGHE, 25, /0N AR e ik 78 S 25 g 3 v 1) WANG K D, WU Y X . A high-precision modeling
MR [T]. B 7 5 A8 2%, 2021, 35 (1) method for MEMS gyroscope random drift[ J]. Journal of
183-190. Beijing University of Aeronautics and Astronautics,2016,
LIU CH, LIUT, ZH HY, et al. Application of wavelet 42(8) :1584-1592.
transform method in attitude calculation[ J]. Journal of [16] S g&sn f1aKI, 2 EE 4. 3 & R B Pn A 1)
Electronic Measurement and Instrumentation, 2021, oA I A T BT [T ], AN A R 24 4, 2017,
35(1) . 183-190. 38(7) :1683-1689.

[ 8] WDESILVA C. A systematic approach for instrumentation SHI L Q, HEY G, LUO Q W, et al. Research on tilt angle
of a mechatronic system [ J ]. Instrumentation, 2019, measurement method based on sensor data fusion [ J].
6(1):116-136. Chinese Journal of Scientific Instrument, 2017, 38(7) :

(9] FARE X3, AL G &5 ST A9 S Kalman 389 £ 1683-1689.

ARVER[T]. SALEN 58 ,2020,7(2) :50-64. [17] ZHA F,GUO S L, LI F. An improved nonlinear filter
YAN G M, DENG Y. A review of practical Kalman filtering based on adaptive fading factor applied in alignment of
technology in traditional integrated navigation [ J ]. SINS[J]. Optik, 2019, 184 . 165-176.

Navigation Positioning and Timing, 2020, 7(2) : 50-64. (18]  XARTEM. T 2 5 W9 DX i R o A e M D g ) Ml e

[10]  BEs AEEE, TXBE, 55 5T IMU Pl N B A SR AR L] B & 5 R 2 4R, 2019,
i EKF i 5 B 50 [ 0] AR 3R 441, 2020, 33(1) :164-170.

41(2) :33-39. LIU SH Y. Joint estimation of fault parameters based on
BAN CH, REN G Y, WANG B R, et al. Research on strong tracking nonlinear filtering with multiple fading
robot attitude adaptive EKF measurement algorithm based factors [ J]. Journal of Electronic Measurement and
on IMU[J]. Chinese Journal of Scientific Instrument, Instrumentation, 2019, 33(1) . 164-170.

2020, 41(2): 33-39. [19] XU S, ZHOU H, WANG J, et al. SINS/CNS/GNSS

[11] KANG Y Y,ZHAO L,CHENG J H,et al. A novel grid integrated navigation based on an improved federated
SINS/DVL integrated navigation algorithm for marine Sage-Husa adaptive filter [ J ]. Sensors, 2019,
application[ J]. Sensors, 2018, doi:10.3390/518020364. 19(17) .3812.

[12] 3B, 8 VR T, 55, F 3G NHTTH R 2R 8 8 ) [20] HZ3eHE, e TEHUR, 5. T EHAMRR/REE

HAE SINS WX b ity (0] aRBUR 2224 (5

PRy A& Y H s R A [T ], B e 5 N,



12 3

itk SHAKF & THBR IMU FEHLIR 2 15T - 67 -

2020,37(4) :793-800.

PENG M K, GUO Y H, WANG J D, et al. Adaptive
target tracking algorithm based on robust volume Kalman
filter[ J]. Control Theory and Applications,2020,37(4) .
793-800.

EE '

T B, 2000 4 FAE1E T4 B gk 2%
+-2E 4, 2004 AF T FE TR A AR AR
24,2007 4 F i b K 2R AR -2
7, BA T g B TR 2 il 3%, 2 B A5 T
AR AR B SRR AR

E-mail ; maxinghe@ hpu. edu. cn

Ma Xinghe received his B. Sc. degree from Jiaozuo Institute
of Technology in 2000, M. Sc. degree from Henan University of
Technology in 2004, and Ph. D. degree from China University of
Mining and Technology in 2007, respectively. Now he is an
associate professor at Henan University of Technology. His main

research interests include sensor technology and automated

detection technology.

EEXC 2, 2019 4 T g BT RS ARG
S =<y A U\ TR L B By NE= 2 1 W )
ERWITET ) A B L Wi
E-mail ;871629983@ qq. com

Bi Wenlong received his B. Sc. degree
from Henan University of Technology in 2019.
Now he is a M. Sc. candidate at Henan University of Technology.
His main research interest includes online monitoring of sensor
equipment.

SRAT,2019 4F 100 pig 2L TR 27 4R A o7
RS SR T B I B N oY 7 R 7 A e
BEWEFETT 6 N AR AR R AL
E-mail :3304887235@ qq. com

Zhu Hang received his B. Sc. degree
from Henan University of Technology in 2019.
Now he is a M. Sc. candidate at Henan University of Technology.

His main research interest includes sensor data fusion.



