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Identification of Inspection Robot Motion System Based on Relatively Accurate
Model Calibrated Kalman Filter
PENG Daogang,ZHAO Chenyang, QI Erjiang
(College of Automation Engineering , Shanghai University of Electric Power , Shanghai 200090, China)

Abstract: The inspection robot will be used in every field of industry and life. The identification of robot motion
system is of great importance to the study of control system characteristics. Aiming at the shortcomings of the traditional
Kalman filter in the aspects of fitting and linearization , the Kalman filtering and the least square method were adopted
to identify the system. The system relatively accurate model was obtained by the least square method and converted to
the state equation. As a predictor of Kalman filter, the robot motion system was identified. The experiments were
carried out by using a set of wheel speed samples data obtained by mobile robots. The experimental results show the
Kalman filtering system identification scheme is easier to select, better fitting and robust than the model without
relatively accurate model.
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Fig.1  Block diagram of robot motion system identification platform
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Fig.2  Principle block diagram of model identification

for robot motion system
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ZS
0,=(a,b) i=1,2,---,n (2)
H
b,=0 k=mm+1,---.n (3)
DU)ES g o) 8B 2 ) e iR AR oy
Y=X0 (4)
Hrp
(1) 0, x(@ - x,0)
»2) 0, x(2) - x,(2)
Y= 0= X=
V(m) 0, x,(m) -+ x,(m)

FLARME S B 0] DAS DUAR CSCHR, B )5 T 15
0=(X"X)'X"Y (5)
K 9 NS0 Wi N —3Ffhiit
PIMLAS AN %6 M 60 r/min I ) 558
18], FR i A AR XoF 7 T B A ) A DG ABE A8 7T 3 Y
VEBHL AR Nz 3l R Ge A% 38 pREER R B ik, — e
THE SR/ NGO T T 8E 3 BRI AIE A LA A
Kalman & #s UERARY 2880/ N 3R EEHHR AT 1S .
a=[1 -0.432 -0.301 -0.142] (6)
b=[0 0.050 0.072 0.003 ] (7)
¥ a, b A (D) RN NiZ S RS ML
15 PR EIERI TR Ay

G(s)= 3O.OSs2 +0.(271 735s+0.003 417 (8)
s —0.432 15— 0.300 85 -0.142 2
R R GRS T R
x=Ax+Bu
y= Cx (9)

A x WIREA R IR FHG A, B, CIREA
B RBOE s u ARG AL & x A RGERARE

=X
G

W (8) et = (9) HPIRAS Iy e, T4
76

0.432 0.301 0.142 1
A=| 1 0 0 B=10

0 1 0 0
C=[0.050 0.072 0.003]
22 EEEHER N AEEE R Kalman i K PR
BLAs N Je A 1 2 A7 e A s W, ML
MRS Ve, B e T BT, A 2 Y 48
5 SEPR A Z ) e SR A TE D 22 o K6 g A g 7 A
LI e 7 2 e RS T R ey 2 v AL g
NECH AN W, LIRS V, G R R
E[W,]=0,cov[W ,W]=EWW']1=0,0,
E[V,]=0,cov[V,,V]=E[V,V'1=R,5,
W RGBT R G B HUE n 4EIRS T
TN m 4D 5 72
o=@ x + LW, (10)
x,=Cx,+V, (11)
Xrp: P LA NB I RG— D HB
L ALas A58 sl AW P fioxt by 1) — D56 7%
TR W NES BN EMe R € o = e 211z
ARG ; Ve S Fe s UL N s O B
BUFS ; x, vi 530 Bl ANTERAER 20 kT 1Y
BRI x SOUE R AR EAE v 5 T RAE
Kalman 3820 2B I 7 12 8 45 07 12 L Tl
AR5 22 07 R E PR 25 05 22 7 RS54 g, B
AR 28 A T R AR T T 228 AH DG SR
W 2.1 1 RN ek AR B AL g AT
FEHRDIRZS 5 P40 A Kalman 8 I 25 (IR 2505 T2 A
TR, 1

0.432 0.301 0.142 1
¢k,k71:A: 1 0 0 Fk,kq:B: 0

0 1 0 0
C,=C=[0.050 0.072 0.003]

WO B LAR Nz ol R S8 UL R IR 2S5 R

A5 Ny
0.432 0.300 0.142 1
fk|k_,:[ 1 0 0 )ek-|+[0:|Wk—1
0 1 0 0

(12)
¥,=[0.050 0.072 0.003]x,+V, (13)

3 KBRATR

SEYRAE ML e AN FC s , i £ B AL
HERAE 2 B DR A AR RE SO, AR it 2R 4L
FMAGEHRIREAR TG . AT RAUE2 T



BN, A TFABRREEFRZIERGRAIEAIES RGP

W A4S 2020F H 5045 F4M

25 D) Al — ML A Fe s B FEAR T, S0
A R Y Kalman 38 9% R R L TG AR R
i Kalman 38 8 BSR4 5 2) [A] — HERL L 2
BT, 50 E A AERR Y 1 Kalman JE U X A [6] 45 7€
iy NS R FE B B B FE R IO R , H &R
GRS O S TR,
3.1 FEAEEEIETE Kalman R R PHONT EE

SEG R [R]— 2l AL A5 R R AR
A3 5 R FH Rl VAR R Y Kalman Y8 I A0 G AR 4l
(1) Kalman Ji§ i X1z 2h REHEA TR AN . BN
SR DAL R R AR AR 5 S B R itk AT
YIE , e 245 3 2 Pl 0T X ELRICR

PLES N2 3l R GE AR i SCEL A, A R 4
A,B,CHIEWX(9). T Kalman i) 5 ik
flG T HERAY AT LK O (S YU, thAbHL O
HR/NA0.015, 24 A BIHLER A58 60 r/min
AF SR A — A AR R B, O /N R A Y
WAL A Kalman S8 45, 22 Wl HLG it 26 15, an
4 s

Fed SRR

b

= |

o i

if’ﬂ 20+ F~Kalman ¥ % i 56 14 A8
N

0 50

" thms
(a) D HHAMZR

100( x 90)

(x100)

50 100

t/ms
(b 5B ALl 28

T50( x 90)

B4 @A ERR R 0=0.015 B} Kalman
TR 2R A 5 A 2R
Fig.4 The Kalman filter identification curves and gain
variation curve under the fusion relatively

accurate model and 0=0.015
M ICHERS A Kalman U8 A RIS 3 RGN,
H1 T R BOR, T 208 O (HARYE 25015 2 Y
Ko HAMRIEZUGAEIN O=2 000 , ZHAE L .
10.30.1
A={1 0 0
01 0

B=[1 0 0]
C=[-3.1412e-13 0.176 67 0.040 405]

(14)

Xtis s R Gt AT HER, B 26 15 Al Kalman J§
Perha dnIEl 5 Bz

/
AP RRAEE
Kalman?i§ I Ji 56 2 i HH(E

0 50 100 (% 90)

s

O & RTHERS
4
w3

:E:I
22
1
0
50 100 150( x 90)

t/ms
(b L AL £
K5 JoHEA  0=2 000 i Kalman
TEWHEH H 2R 57 L R 2R
Fig.5 The Kalman filter identification curves and

gain variation curve without the relatively

accurate model and 0=2 000

IEL4 B S X LR LV Y filA dE R AL Y
Kalman JE i R G HFR A0 1 26 5 5L PRie HUR AR
AT A . JF H Kalman 78 3 18 35 50/ 4
P 2 E N —BUIME , UL RS SRR 25
(g w10 WA NE K 54 N = (€ M1 I 1 I £ 0
TR 245

T T AR HY (%) Kalman 8 35 2 A0 %8 5 ph 2k
B SRR R 2 0] AR AR R (B 2
BIfFE—ERY1R 22 . H Kalman JE 34 25 0146
BUMBEIZWIBIE 2 3 ~ 4 2Z ], BLIH A4S s R R 2
Rt e P AT R A0/ IMEL IR W38 i 22 A R i R
il MERI AL 1) Kalman 38 I HER 45 S U B B fiit o]
THE B RGLPR R . R G M R 1R
ATBEH T R4t BRSO IR ZE A WG K,

HERGHEATCEEH .
2% 1 A BlG HERS T ET 5 AY Kalman 8 5 5
PUERE T

#1 BEEREGEN Kalman EEIHAEE ST
Tab.1  Quantitative analysis of Kalman filtering identification

before and after fusion of the relatively accurate model

RESW gt ot
SEBRRAE 59.843 2.695 4914
Sl A AR )
;%;ﬁﬁzgag‘; 59908 6.144x10° 4871
VAR
HHESE Kalman 62.449 2.769 5.123

TEBEHHI(O=2 000)

7



wAAES 20205 %505 F4d

AFERRREER

EZCRE 2

BBk 0 IR AEHL R AGE B R LI RAT R

MR AT LUE Y ORI AL ME Y Kalman
T UL A e A A (R A A v AR R A
Kalman JEJHFH A4 ARSI E IR 22K, 4
R HE G A PRSI AR T 4.2% , B8 T 25
W/, bR R]R 2208/ 0.68% P UL HER ALK
#E 1Y Kalman 38 3 BE R SCR B 47 7 H S50y
i, o 2 Ui R g O H.
3.2 BEAEERR Kalman JEiK ¥R S84 I8T

A IIE Fl A AR R 1) Kalman 98 9% BHREG
YEASE A AS 1 Y Kalman JE 3 SR PE B0, R
HZ AR O HHATHER, JHE R
LR SHOE TR

EREPESZ A 2 N8R4 D A AL AR A de

HREAS AN [E] O (B XTI 1Y il MEAR Y Kalman )

PR 2 A TSR ) Kalman 38 I R 128
X HCIEL 2) AN RIMLER NS A [/ — O fH XTI
K07 T TR 9 14 Kalman 308 33 1R JG v A 75
FEHERY Kalman JE R 2R A
3.2.1 O {HEHUCEEMERIE

B 380 60 r/min BMLAER NFC LA, K] 6
H O 43 B HAS TR E R FH MEASEHU A M Kalman 98 %
BEOIZ A, R 2 A B OC . &7
K O 3 SIS [FIE JC 1R R AL 1 Kalman 8% HF
PUZLHREA 32 3 AR B OCHE R 51 36

60

AR RAEE

40t 7

HE 3 n/remin)

20 ““ Kalmanif:J 5 46 4 5

50 100(x 90)
t/ms
(a) 0=0.1
60
< SIS RRAEA
E 40
5
b 20
& Kalmaniff i J 46 4t (6
06 50 100( x 90)
t/ms
(b) 0=100
60 /J,A"w’\\ﬂij Nl
£ 40 S BRR A
N
b=
& 20 (\Kalmanvigiﬁﬁ%iﬁﬁﬁmﬁ
% 50 100( x 90)
t/ms
(c) 0=500

6 AN Q1A ERBRIRE HE Kalman U8 IR AR 2
Fig.6 Kalman filtering identification curves with relatively accurate

models calibration under the different Q values

78

A S i WA A e

~ 60
= / o
g 4 AR R
5 0T ' Kalmanib e 46 e th 4
)
& 20
% 50 T00( % 90)
t/ms
) =500
60 3

Fe SRR

#%34 n/remin™')

~Kalman &5 i & 4 4 E

0 50 100( x 90)
t/ms
(b) 0=2 000
60
= R SBRRAE(
E 40
=
=
& 20 ‘/\Kalnmnil‘éii'}}éﬁ%iiﬁﬁx‘|'|fﬁ
|
|
0 50 100( x 90)
t/ms
(c) 0=5 000

F7 IR Off JCHERE R HE Kalman 385U 2k
Fig.7 Kalman filtering identification curves without relatively
accurate models calibration under the different Q values
F*2 AR QE.EREK HE Kalman jEiE#HAR
Tab.2 Kalman filter identification table for different Q values

and with the relatively accurate model calibration

0 FaASHME/ (romin™) Rz T /s
0.1 59.907 8.437x10™° 4.870
100 59.851 5.856x10™ 4.840
500 59.840 1.681 4.884

*£3 AEQE.LEEEKE Kalman JEil PFHAR
Tab.3 Kalman filtering identification table for different O values

and without relatively accurate model calibration

0 RAWE/(rmin")  RRATTZE LIS
500 68.752 4.956 5.632
2 000 62.449 2.769 5.124
5000 60.973 2.556 5.001

H T o HERf A Kalman JE I 77 22 K REAR
SIHEATRCHE AR E RS HERICR IR 20 96 B4R
Fﬁiﬁdtﬂ’ﬂ O i iz sh RGEHHN ., Horp FHLEL
RGURS TR REOEME WA (14)

S il VAR TR A ME 1Y Kalman Y18 8 547
B O (B 435124 0.1, 100, 500 5 TG R 280 4% i 1
Kalman JiE J% 5575 E B O {H 43514 500, 2 000,
5000, FEATEREIEYT, BAT—E RN

MIE 6 T LA Y Rl —dIAEA T, TLEXT
I:JE’J/%%’E 7 O {ERT, FEAFERCR LA B 14

o O (EE/INUHEI S BT A Hh 8 o RO



BN, A TFABRREEFRZIERGRAIEAIES RGP

W A4S 2020F H 5045 F4M

O (HIEPGER A, B B 58 38 5 S PR A S8 S (E
R . AR SE R TR TR R, EBOR R O {6 AT
PIAS BRI A HER AR, i A 7 el LA
24 O E 1 B /NI, TCHER A i Y Kalman 1§
WA PR B iz 3h R SRR 5 S PR S R AR
FEAERER 21 2 O (HE UL KT, BN AN
B T TAEAE, TR IR BRI (5 .

MR AT LA SEPR S A A B OGS i
553 2 FN3R 3 R HEES 2 S i 2 [H] 1 6
32 PONE] O B R Y2 Rl A TR A TR Y
Kalman 856, A A Ae ARSI 5 52 B
REFEARPER NG . M43 R SCHES B
5 X 07 F) 2 G AR R 11 Kalman 8% , 7T LUE H
HERIT A A 5 SRR S I 5 S PR AR AR (1 42 AR
AFIE 59.843 r/min AH 28K, LTS R FIER S
I W 2 PR E K,

AL LA E A HTA] UL, fl SRR E R Kalman
VB AR AE O (EIEBCRIPEBE A8 T ol Al
Y Kalman J€ 5 515, HAT T iR e 1
3.2.2 ARG EABALE YRR

B O=50 2k H Z AR 58 2 n g A IREAR
X YRR R U 1Y Kalman S8 3% BRI TIE 81 R 40
HE, B LR R AR 8 T, e 4 1 S K
ANTRIEE O W Y S A FEAS IR R R O ES

F4 TRABEEGHAS
Tab.4 Original sample table of different wheel speed

A/ (remin™) FASYE/(romin™) FaST72E LIHHEYS

20 19.923 2.963 1.620
40 39.868 1.416 3.267
50 49.656 1.884 4.140
80 79.519 4.086 6.570

£5 Q=50 AR Kalman iEPHAR R EEARE
Tab.5 Calibration Kalman filtering with relatively accurate model

to identify different wheel speed samples at 0=50
AL/ (remin™) FaSHME/(r-min™) ST E LT/

20 19.951 5.743x10™ 1.572
40 39.872 2.763 3.235
50 49.746 3.153%x10™ 4.060

80 79.598 4.211x10™ 6.458

MBS ] A, 526 e B 4 20 AN ]
e HURE AR 22 AR TR T Y K alman 1 3307 IR
IR B X HA BRI IS R 4 Rk
5 R R AR AR S BHEAE LG AR IR Z B
1 ARG T7 22 nT LA Hh 3R 95 s
TS TT 22BN, RGPS BB AR Mg B o

HME 8 arfral LUA t, FERLA A8 3 1Y i
THNFBE IR — RO R B, 228
WA B % BRI . AR ASTT 25 dnT LA
% i1 Kalman JEH 5L BIBOR , 25 O (R BCE /)N
PR 2R HOLH AR IR

l\%igiﬁ%ﬁ{a

- D
-]

B34 n/remin™)
S

I

Kalman§ i 5 48 4y HH A

v

=]
o=

50 100 (x 90)
f/ms
(a) n=20 r/min

'
=

b SRR

)
=

550 afremin )
(=]
S

—
=3

‘Jf Kalmanii§ii J 46 4
?}1/ =]

0 50 100( x 90)
t/ms
(b) n=40 r/min
50 "
40 S BRRATE

FE 3 n/remin™)
)
(=1

#/Kahnauﬂ??}?\)ﬁ Yot A
o 50 100(x 90)

f/ms
(e) n=50 r/min

FeR S pRRAL

w
=1

Kalmani I ) 58 w4 11 (i

FE 3 n/remin™")

0 50 100
t/ms

(d) n=80 r/min

FE8 Q=50 MR Kalman 3§ P RN R0 s REAR Hi 26 4]

Fig.8 Calibration Kalman filtering with relatively accurate model

150(x 90)

to identify different wheel speed sample curves at Q = 50

MR 4 FNR S iy TR E K E  BERETS
S AR 1 L T ] L — 3, Ul B Rl AR A Y
Kalman J€ 38 574 7] LIRS 26 B U R 0 B A
BEAY

25 b KRR Ah £ RN A S BER 1 43 B T A5
W OREVEE T Bl Kalman 8 I 58 1k e vE ) 3
PR HLER NIz 3h RGAA, BT B i &k
FE = LA B
4 4

AR E R e R AL A A i i v i
F A %EEE PID S0 5 ANME Y [ B EIH 40 545 .

% [& R 154 Kalman JE I o HTELeME R G0 5%
79



wAAES 20205 %505 F4d

FE A, F R TERREEF R Z IR KAIE A S R AHHRBT

T HERROR BT, I B S BRI 2 445 R
L WSCR FH A Ay T (6 R s i ) B/ N 3 1
PIARIE AR 1Y 1 58 HRAE LG R GG 8
PRAICHERCAY . JFF I ER AL L 1k S Kalman JE I
SR R TONAL g SR FH BSR4l T2
XL Nz 3 RGEHEATROME ,, B e BRI B 3 &
SRt

SIS IS E T Rl R Y Kalman 8 % #E R
A TE O [EXEH UGB Bl g S
7 He T HEARE TR B Kalman 38 % HE R #8 BA L5
3.1 R OR R SR AS  FEA T B
R, I DA &0 N PR &L HEN S
HRIATE—XT e, M 2 i oI IE Al A A
AU Kalman 38 HER B9 RGBS it A
3.2 A AL S E Rl LA 2 P A LR I Kal-
man J& I HER A 12 3 RGEBRILE O (LU
T IR, B s A 45 Kalman U8
WAL SBOEBR R, UL nT 0L, N 14
HEBARY A TR , AN [R50 o i A A AL 1) LA 85
T AUA B, AT WLAE O (BRI [ 48 i A T B
AR A&

SE

[1] Mercorelli P. A Decoupling Dynamic Estimator for Online Pa-
rameters Indentification of Permanent Magnet Three-phase
Synchronous Motors[ ] ]. IFAC Proceedings Volumes,2012,45
(16):757-762.

[2] Rosen D M, Kaess M, Leonard J J. An Incremental Trust-re-
gion Method for Robust Online Sparse Least-squares Estima-
tion[J]. IEEE Transactions on Robotics,2014,30(5) : 1091
1108.

[3] Erazo K, Nagarajaiah S. An Offline Approach for Output-only
Bayesian Identification of Stochastic Nonlinear Systems Using
Unscented Kalman Filtering [J]. Journal of Sound & Vibra-
tion,2017,397(10) : 222-240.

(4] JeA M50, EHAR . HET AMIZ Bl R R 2 Bl g b

80

[5]

(6]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

LA A SRl ] HLd A, 2015,37(3) :304-309.
Dolnsky K, Elikovsky S. Application of the Method of Maxi-
mum Likelihood to Identification of Bipedal Walking Robots
[J]. IEEE Transactions on Control Systems Technology,
2018,26(4) :1500-1507.

WIS &, N, fed 1R . — T AR Y N T A )
SRS )] E R T A2 4K, 2016, 36 (10)
2734-2741.

W I ik, S RS 2 A 2 i s R
GEHARITEELT L WU T R4, 2016, 52(11) : 42-49.

Li W,VuV H,LiuZ,et al. Application of Adaptable Function-
al Series Vector Time-dependent Autoregressive Model for Ex-
traction of Real Modal Parameters for Identification of Time-
varying Syslems[]]. Measurement,2017,103(12) : 143-156.
Ahsan M, Choudhry M A. System Identification of an Airship
Using Trust Region Reflective Least Squares Algorithm [J].
International Journal of Control Automation & Systems, 2017,
15(3):1-10.

XUTERE, FEPRT, #5022 A E AL B iy 2 TR AL
WASHHR ] TR, 2014,35(10) : 1127-1134.
NI, 32 5 FFXUARM Cortex 2244 B9 shtLas A6l #%
Bt [T ] AR 2R (A AR , 2013, 41(S1) :
284-288.

Song D, Yang J, Dong M, et al. Kalman Filter-based Wind
Speed Estimation for Wind Turbine Control [J]. International
Journal of Control Automation & Systems, 2017,15(3): 1-8.
Zhang J,Zhou B, Wei S, et al. Study on Sliding Mode Trajecto-
ry Tracking Control of Mobile Robot Based on the Kalman Fil-
ter[ C ]//IEEE International Conference on Information and Au-
tomation, 2016:1195-1199.

Gautier M. Global Identification of Robot Drive Gains Parame-
ters Using a Known Payload and Weighted Total Least Square
Techniques [J]. IFAC Proceedings Volumes, 2012, 45 (16) :
1389-1394.

EARZ, B, R ST RMEARE Y PMSM i 3 5
GBS A I R ()], BB OB R CH AR
fi),2015,39(6) :637-642.

WA H 91 :2018-07-11
&5k H 1:2018-10-12





