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Algorithm Based on Improved Robust Robot Monte Carlo Localization

YANG Ju-yi
(Department of Computer Science, Mianyang Institute of Vocational Technology,Mianyang 621000, China)

Abstract: This paper puts forward a kind of algorithm based on Improved Robust Robot Monte Carlo Localization
(IRR-MCL), with the view of researching the particle degeneracy phenomenon and improving the particle refining
performance in the process of the particle filter. Firstly, distribute using the proposal about accurately designing a
particle filter by the extended Kalman filter and blend the current observational information into the sampling process
of progression importance in order to improve the filtering effect and reduce the required particles. Then present the

implementation details of IRR—MCL algorithm. Experimental results show that this algorithm, compared with the
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traditional methods, has improved significantly in terms of localizing accuracy and robustness.

Key words: robot; Monte Carlo localization; particle filter; re-sampling; robustness

1 58

AR, R IR IR SR FEALAS A E 7 45 H 15 3
Trzumi aBARRENMERR RS N6
(Monte Carlo Localization, MCL) & #:1. MCL 13
SRAFAE — SRR BRIG,. A T M MCL BB G,
Thrun Z AR H T Mixture MCL BB 1, fEER
= LB E L ) R P B B R FOX %
EBEAERTE T EMTFERRNNF BETET
KD-tree HiE ML T % R IED, A LR AR
BMEOSAEFH KLD RMERELEHBMFLINE
B Z IR, LB TR IRBR T8 R ;
Lenser 2 A3 H T Sensor resetting localization &

RS EHE: 2011—05—13; #EE HHE: 2011—06—18
ESTE . W SSBAF B ORI B (GZY11BL7)

PRI SRR Robo Cup HLES A LL SR B AH B
ERBAULES ANGBZR A RR, -t Ueda X% 7 B
Ty RN,

7 18] B [ OB iR B AR A EEAE b 4R —Fb
TR a s ilas AZ5FF &6 ( IRR-MCL)
B ZBRMW SRR BES R ORME
HMERF S REE LR £ 854
HEHA BERE.

2 EBFFEM

2.1 DUIMETE R EIRIE
A0 12 TS LU 500 A 2R 400 3h A5 AR AR B VA
B RERBHIERAFE D o | 2056100



%81

W Jo BT BOH I BB A SR R B BN H 151

Hrp,z A2 e BB RGERE. 20 AT
BEEVRIBR. 6.0 TR LB AL RIEEE. RIE

A
Bel(xy) o plzp | xpr&im1rz0a) s p(x |
&l 9Zo=k—1) ¢y

K,z | b1, 200-1) HEFETW, icH
Bel(z)" 5 —M BRI RSBRIZ, B

Bel (z)t = J.P(-’Ck | o1 »81) Bel (21 Y dx iy

2)

56 SR AT R MW TR, WShBRGR
SHEEEFIBRERRA

Bel(xk) oc P(Zk l xk)Bel(xk)+ (3)

A (2) A3 F, 5 E BN AEBEE
MERAR, KPP R A EENRREEK
B p(ae | 256 AATHRRGIE, HMIEAR
MR p(ze | ) FROABRAVEARVEIBISR ;5 Bel (x0)
JPRZS IR IG (5 B A
2.2 PFRHEFFEE

TERLT RN, BB TFERURZR N (0,
w Ry, Ho, b RAE AT 2 EE M RE
g€z | o1 920 981D *%%Bﬁ%%]%}m o) A 9w£m]
KR FHIERBEESENE, HEH &N
DNk =1, R TEAENR T R WER

A
Bel(x) =~ zN: w8 (xp — k™) 4)
LT xb HEEAE o HTEY

) — 1] PGz | ) paf | ™, 6)
wg wg q(x£m]x£m—1] s 2p ’ék‘l)

(6))
MCL R AR EE S RECI B PLE AR
gshis, A
gz | i1 sz 560) = P(-Tg'"] | zb, 600D
(6)

3 IRR-MCL Efr&k

BAlae A RGEH) & 75 12 3 Jy R AR 7 72
I FS

Ty = f(lk—l sty 1 081) (D

2 = h(xe,n) + 8z &
Ay o= Lo 30, W APLES AW 4 R ILLL
B RAAAWREREEE. 2 = [7.6.]"H
PRERFIE n FEALER A S BAR A 47 2R Y AR A A LI

mE. SO MAO IR ME R G R 55 W R,
& FERSIE B[k — 1, k] RFEMBGERIER. &,
S 43391 Ay T W 75 425 Tl W 75
3.1 BUHBFIRIKAS

FRRE N BARRA AR TR BT E Y
RIHLAS ARIRLE. X+ F 4|, 48 R ILA
BAFREMEA, Bz e300 Fn. SRFTHN
i 85 7 A a8 q(x, | Zits2as&i1)
EF gl | xe). BEBEMRE ¢(an | 21520
&) MBI R A S RTERRMPE S = GRAEE
BT 5t 56 T R ISR DO R B T4 1R
o RFER IR B AR A BUE R, X T B 3R
RIS LKA, ESCRORL T I 20 ks 5 R G R
BORBL, 1 BB T IR B A XE LIS 4IRS 3R #
/N S H BB AR I W T RURL T IR AR KL
TEZHR. L0 00 E B BEA BDRL T B 4 A
R, TTEERAE B T ED IR R A MR Y
JR IR B 8 I S5 B R WA A BT A R M AR B R
7, HEEERERENEHAM ¢(a | 2e0).

(1) BUPELFIRAS 5 B 7 25 B

11
s = D) whlx
=1

11
PR, = D) — i) s —
i=1

xE'InI;I—l )T )
KA, Wi flwl? HAE R RSB 2l B
EHW plrd..

) REEH N

2 = s + KE (2 — 2hd, — ((H(x,
DFINDT (P ) (afrdy — 2 ) 10)

KAz HRT 2 ¢ — 1 WG HRE. Kee
W5 ¢ W IR RN 4R, H iy 2R

B
(3) REH T EHEEEH N
Pl = pid, — K H(z, )i (KEd )T

(1D

(O BWEHTESG, PITEEERE

g~ N2, pkrh 12)
3.2 IRR—MCL %+ B

(D WHEBBEE = 0)

BENBZ ARSI N(xo; Po), KB
B QEHWMMES R IR ESETHRE ; W
LB NREWHR A RE N MRT, B {25}
~ N(xo, po).



152 BT S

2011 4

(2) #ATIEYE

@ F . FIREREA 6 BB DI E Q ML
WNBHEER £, B ESRTTRE nh 5
J%E .

@ EH: M TR FREEN, RELR
AT b BT T phl, 52480 = B R,
BRI ER.

© HERH: B TFENENA
@ MCMC AL . 3 F B RS B — R
F i, RS R 48 BU53 A o BT R SR — KL
Foxp ~ NG, p) , HEIRRL TR EE A
H wi™ s WS4 H of R4 — B v ~ DL,
1], iRk R

- £m]

v<mm{1, ,E'"]} (13
IR = (bl 2}, FNHEEH .
xb = (b ,xE'"]}.

® ﬂ?ﬁ}ﬁﬁﬂﬂgpﬁ"’] = [Ojsxs-

© IR DUR T S 80 R AE S AT
ZILBE RS 2 = E[20], BB FAE S
{wh™ = N1} o v

4 PHERILBRER

#£ PlayerStage (& W LA ™t http.//play-
erstage. sourceforge. net) BaiPLa¢ A FE & F#EfT
{5 BT B bRt R BE A 150 m X150 m, H& P&
b 50 4~ P E PR EB sl AN LR ER 0, 0)
WFFIGIES, AR R — SR R G L B
SLAF AL ZE B E v = 5 m/s, HLEF AR
Pioneer HL&% N E3E BOCIBEL, BN EER
JiFE 20 m, BOKHTEIARMA 180°, IR AR HRES
AHEHSEORE N Po= Lx;. ME 1 PIELE
W R HIRE A ov =2 m/s,0, = 15°I ) MCL B
RPN EMER, FILIES, B TiRERH,
BAFAUEHER S R KR PLER A ENIR I A 1
SRR BT AR A 50 ML, BRIRERERN ov
=2m/s, 0, =15", MIMIEE & EH 0,= 0.3 m,o,
=0. 6"t F§ IRRMCL Bk HIHLA8 AEM SR,
AT S RN ES, S T B AHH
{V 28 PR R SE 0L

S H 200 000 ANKLF, P B BUE ERAFE
(Sequential importanceresampling, SIR) ¥ J& i
BTG R A5 A SCE L (A 1 000 MR AR

— A B R HEATE

XTHG, nfE 2 iR, B W8, AR
ENEETEABERS, LHEYEMEARRS
PUG » EfriR s, WA 3 e rigd,
R PG B0 F- 43 A0 TN BR B, 7EARAS A XA R R
BEREIR T, AR FEIAREA, Mtk K
B TITER. FNEMEERREOERE TEME
%R RBGH AR E R, ORI F4IMLAE S5 3R.

50

de s Kk ke ke ik
Ae A
Ae | A
¥ Ae
§OL Ae ]
Ae Ae
A Ae
e Ae
A *
=%, 0 50

1 IRR-MCL HEME LR (50 MF)

400
350
300
250

200

150 I—IRRMCL

2—SIR

Localization RMS error /cm

100

0
3 2

1

0 20 40 60 80 100
Time step

2 EMREXLLE

0

1101

100}

‘g: \ ry &l
,\; h%; 4‘; ﬁ-ﬁ-‘;mx

Y :.'"* tl\ R0,
80 _?w.g,- ".‘ " ".,:-

90

70 SRR U DA
60
50

40}

The percents of effective particles/%
-

20 . "
0 500 1000
Time step

B3 IRR-MCL HEMARRTFEIER



Eel

B JE S BT BB BRI A SRB R B E B 153

5 HRIE

FEAGEIB AR RIREN B RREM L, §
xR T Us I P R TR L RIRE, FIAY R R /R 28
BORNEF B TR TIR AR, e 7 ORLT 2070 B 2R
B WA T BRI TG R A MCMC Ji kAT B R
B, o fo AR AR R A o Bt S A A kSR H B
R RREN. (TR LH R RHBEDCRAR
AT B AR BB R O B BRER R BE , RII AE SORE
FHA ARG, FEH 2 RGN BT IE B
X RS # RS, IRR-MCL BB T B4 MCL
WS S B

B3k

[1] Fox D, Burgard W, Dellaert F, et al. Monte carlo localisa-
tion; efficient position estimation for mobile robots[C]//
In: proceedings of National conference on Artificial Intel-
ligence. Orlando, Florida, USA: AAAI/MIT Press,
1999.343—349.

[2] Thrun S, Fox D, Burgard W, et al. Robust monte carlo
localization for mobile robots[ J. Artificial Intelligence ,
2000,128(1):99—141,

[3] Fox D. Adapting the sample size in particle filters
through KLLD — sampling [ J]. International Journal of
Robotic Research, 2003,22(1) : 985—1003.

[4] Lenser S, veloso M. sensor restting localization for poor-
ly modeled mobile robots[ C]// Proceedings of IEEE In-
ternational Conference on Robotics and automation. San
Francisco, USA ;IEEE, 2000.1225—1103.

[5] Ueda R, Arai T, sakamoto K, et al. Expansion resetting

for recovery from fatal error in monte carlo localization
— comparison with sensor resetting methods{CJ//Proc-
ceedings of IEEE/RS] International Conference on Intel-
ligent Robots and Systems. Sendai, Japan: IEEE, 2004,
2481—2486.

(6] Doucet A, Freitas N de, Gordon N. Sequential monte
carlo methods in practice[ M7, New York; Springer —
Verlag, 2001.

[7] Hu ShiQiang, Jing ZhongLiang. Overview of particle fil-
ter algorithm[J]. Control and Decision, 2005, 20(4) ; 361
—365.

[8] Deng Xiaol.ong, Xie JianYing, Wang LinSu. Improved
particle filter based on current statistical model[ J]. Con-
trol and Decision, 2005, 20(5) : 567—570.

[97 Wu ErYong, Xiang ZhiYu, Liu JiLin. Robust robot
monte carlo localization[ J]. Acta Automatica Sinica,
2008,34(8):907—0911.

[10] K5, EF, T IKE. B Il a8% A M S0 kL F I8
Bk R F Bk B3k, 2010,36(6): 851
—857.

[11] kiE, e, Bk BT L HREEREN. BaPLEEA
BEM SR RF EMBELI] B3ifb¥]k, 2007, 33
(9):941—9486.

[12] van der Merwe R, de Freitas N, Doucet A, et al. The
unscented particle filter, Technical Report CUED/F —
INFENG/TR 380[R]. UK. Department of Engineer-
ing, Cam bridgeUniversity, 2000.

fE&EE I
BREX 5,099, %1, METEMN, BI#ER. #5RHm
RS S UL BT B R

(EBF 149 T

B 30K :

(1] B2 h% %, Sheng Victor S. {{ # U 4 25 28 14 LB 3T
(7). HEHL2E4R ,2007(8) :1203—1211.

(2] &%, ERE,RBA. B/ Fe L Fem B —FIEL
R RE L] B FE5HR L, 2010,27(4)
33—37.

(3] Friedman J H,Olshen R A, Stone C J, et al. Classifica-
tion and regression trees M. American Statistical Asso-
ciation; The Film House, 1986.

[4] Elkan C. The foundations of cost— sensitive learning
[C]// Proceedings of the Seventeenth International Joint
Conference on Artificial Intelligence (IJCAI’01). Wash-
ington DC,2001.:973—978.

[5] Ciraco M, Rogalewski M, Weiss G. Improving classifier

utility by altering the misclassification cost ratio[ C]//

the 1st International Workshop on Utility— based Data
Mining. New York,2005:46—52.

[6] Fan W, Stofol S, Zhang ] X. Ada cost: misclassification
cost— sensitive boosting] C}//Proc of the 16th Int’ 1 Conf
on Machine Learning. Slovenia: Bled, 1999:97—105.

[7] Maloof M. Learning when data sets are imbalanced and
when costs are unequal and unknown[C]// Working
Notes of the ICML'03 Workshop on Learning from Im-
balanced Data Sets. Washingtzon, DC. 2003,

[8] The Center for Machine Learning and Intelligent Systems.
UC irvine machine learning repository] DB/OL]. [ 1989—01
—01]. http: //archive. ics. uci. edu/ml/datasets. htrnl,

1EERE N
# IR &M, P00, CCF &R, BF5E 5 1 X B IR 548
WHHESE



