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Abstract: Monte Carlo Localization ( MCL) algorithm has many problems/stch as large computation and poor positioning
accuracy. Because of the diversity of information carried by two-dimensional code and usability and convenience of two-
dimensional code recognition, an adaptive MCL algorithm integkatéd with two-dimensional code information was proposed.
Firstly, the cumulative error of odometer model was correcieds by absolute position information provided by two-dimensional
code and then sampling was performed. Sencondly, the\measurement model provided by laser sensor was used to determine the
importance weights of the particles. Finally,  ds \fixed sample set used in the resampling part caused large computation,
Kullback-Leibler Distance ( KLD) was utilized in resampling to reduce the computation by adaptively adjusting the number of
particles required for the next iteration according to the distribution of particles in state space. Experimental result on the
mobile robot show that the proposed algorithm improves the localization accuracy by 15.09% and reduces the localization time
by 15.28% compared to traditional Monte-Carlo algorithm.

Key words: Monte-Carlo Localization ( MCL); odometer motion model; measurement model; two-dimensional coding;

Kullback-Leibler Distance ( KLD) sampling

0 3%

TEA B AT T , B s ALy AARIE 3R 58 B A
H 532 sl 8 HAE 5T o AL 22 (R ERR R B AL, ZEFE R
Y& 523 ( Monte Carlo Localization, MCL) 2 5k 1) 35 #h 4 #0 5%
B, FE5E B AL PG VR T I B BAEAE , B B R R
SHERAERE T . %F BRI FRahPLG A8, &
ATFREEMA2REEMMERE, BETTEsBRALE T #
BER EROERRSASE R, HETIREILAS A F E—%
FERT 27 22 i AR X 22 , 72 [ 5 W of 18] 1] B W] R A 2 22 Al it
A2l FEBRATHS R R E W, 50z s A
A IR] PR R T 1 W, MCL B3k i e 30 43 A AR T LA HE 3

7S HHE :2018-09- 13 ;& E1 H ¥ :2018-11-21 ; R FA H#9 :2018-11-22,
ESWE  ERTTRZERM S iR TR B (cstc2016jcyjA0537) ,

WRRIAE I 2 Bk 140 i 5 SEBR L E 2E K K5 S 80E
PrSE PR ZEIE K AL, R A R &7 A R KAV, L T
ZHEMERRAR, BB ARAR T AR EOTERIRIR S, F ke
T—BELAERTIE QAT RoX P AR, Borenstein 451 7E 20 i
490 A HBEIHRE S A RFERLMERZIREF A
oy, IR T —F BRI ARE J ik UMBmark R RGTIR 2
ot ELRR TG B R0, LB A4 T 038 3 JLIR (B AT A
EEHRER S8, Yap 55 H H & K # 8 (Expectation
Maximization, EM) FiEH4E A& B2 B R M TE B2 i+HE
SHEAVHIBOEA LM AY A S50, B 5 0B T 7E Lk B 1 R A
A o Alhashimi 251 g gt S0 18 080k (0 WL IIABE 780, 38 1o 5
W BB R E R T REARES N I/D, AR/ THHER. 8

EBE T (1969—) , 2, MR, IR, L, EEBSI7 0 Db fE AR, Bhk4(1993—), &, BRA, LB 54, TERS
T HAA S BI(1972—) 2 WAL B A #8%, B4, ZERSOm - E G, FE(199—), 8, BRA, FEBE I M
WA BBI(1981—) B AR 2 S U, L, F BRI AL


http://www.joca.cn
http://www.joca.cn

990 SR A

%39 %

B W A T AR EE S T BeAR ok i I BRI B
WRE AR F AL RITE 2 HS IR R VR ERER
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R, AR SCH H — AR 24T {E B BB D SR RS
E L B ¥ ( Adaptive MCL algorithm Integrated with two-
dimensional code information, I-AMCL) , ¥ R B g A —
YERIBH A B B, BOLE REHME B TERR X
i, Jf 3R A Kullback-Leibler #f B ( Kullback-Leibler Distance,
KLD) ' B bt , AR SRR FEAR A 23 18] B3 LM RO BE L PR
RIFER T H o BT, 85 KI5 UEAE SRUE R AL AL B A3t AN
REEAZEMOEL T, A CEER/MTER, RS EM
HE.

1 MCL # %

MCL s FPk: T AT pLas AR R B A5, H
BRI bel(x,) F m NMMBUEARRAFES S, B8

S, = =" 0 (1
Hofroal! 2R 0! FREEMEE, R BR 1R
BAEEF FEAE MCLEEINE R 1 iR,

Hik1 MCL(S,, ,u,,2,i).

1) S, =y, =%

2) fori =1tomdo

3)  «! = sample_motion_model( u, ,x/]
4) a)t[ ] = measurement_model ( z, ,xtm M)
5)  x =x + 57 07]

6) endfor

7) fori =1tomdo

8)  draw with probability « w!”

9)  add [ 108,

10) endfor

11) return S,
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80 = atan2(y' —y,% -%) - 0 (3)
Sue = V(E-F)2 4+ (7 -¥%)° (4
5ro|2 = é’ - é _5mu (5)
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BEBALRAR IR A xR TR o, FAPLER
B, VEATA i — N HEDLx, R px, [, .5,y ) BOZ3AT BL
BmAtEES B R A B g, §hmRX(2) ~
(8) W —AMLYE x, , HAVIIRI 45 8., 5 et BT
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B RO T AR AR AR B X (E w, , E4 M RTE Z B 47
Y5 x, N T HERSME BAR LR 2 gk ek AT R E BT R —
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B R ESE R R S A 5 B T RAERIE B0 Z A AR 22
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dist = min
2,y

R —E{EN, T LAGRIERER B B SLE 5 M HEZ H 59 K-L B
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2.4 BANZ#EERMAER MCL #ik

SEAERISEIEMIL, A% AMCL R 76 ¢ - 1 b
2R RFERES S, HEE M AIECHAOR ] w, B 2; 15 At
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AT RS A R = 4RSS B Ak E, B
H A PR S B — R S 88 (38 3) ~5) 47) , X
ARF RS, AL HIRIUERI (B T) 17) A TEA
BLT, —ASBURL T B AL, HE A BIHERAE RS , X L
TR AR 2 4R TR i LR TR (25 8) ~ 14) 4T) .
BUR R RO B AR (5 15) ~21) 17) Jh R EADIH
I8 T — AR BT B B AL R, AR BB VR A BT
By — A fir IR ARz AER b ZIINE , JF HiZ gk br
L NARZS (5522 ~ 30) 47) oAU 1 -AMCL N 2 FT7R o

H% 0 )EAMCL(S, , ,u,,2,i,8,8,%,,7)

1)(w. = ¢

2) m=0,m, =0,h =0

3) forallbin H do

4) b = empty

5) endfor

6) do

7) draw j with probability o« @[]

8) xl™) = sample_motion_model (u,,x'] ,x, ,7)
9) & =& 48 pmc0s(0 +8,1)

10) 4 =94+ 8 tans8i0(0 + 8 1)

1) ¢ =0+8,4 +8.u

12) i (X,,Y.,Z)T - (5", v,6)" > r,x, #0
13) %, =%,

14) return x,
15)  w!™ = measurement_model(z, ,xl™ ,M)
16) g=1

17) for all k do
18)  ifzf =z,

19) dist = :p1q{ /\/(xzf —x’)Z + (_’}’zk —y’)2 | [xl, yl]

20) an
qg=gq- (Zhn prob(dist oy, ) +z—d>

‘max

21) return ¢

2) x=x+ <xt[
23)  if z[™ falls into empty bin b then
24) h=h+1

")

25) b = non-empty
26) Ifh > 1 then
27) h —1{ 2 7 }3
m, = -
T2 W Ta o) TAOR — ) A1t
28) endif

29) m=m+1
30) whilem < m,orm <m,
31) return S,
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Fig. 1 State estimation comparison of
particle filtering between MCL and I-AMCL
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T ARG IR X B AR Sk BRI R RSB A A5 R
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BB S f A o SR P P — R (o B3R DI R SR B A DL AR
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Fig. 3 DM code
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Fig. 2 Indoor mobile robot
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FFAHLEE A /E 2 48 ( Robot Operating System, ROS) H1
¥y gmapping 17 A EEE U SRBEHLIE ) AR LR CLA, MCL
i T-AMCL FT 3R b7 R B E O 1000, AR X S 80 8 [H]
PATESER, SeMpLEe ATE S A b e g fio

PLER A A S5 B S MBI AR A 4 (a) B (Hrp
© ~ DFR/R LRI E) . B 4(b) ~ (o) RAPLAFANTLE
1B Bl T A AR ARG O B A R AR O, R
B i Fonplge A B E /D RRSALT , Bk Rl A 3
Tl ME 4 AT F M B s pLER AER H -AMCL 347 5E fir
W, FERIAA AL E BT B B IR i EDLAS A A [ BEE DLER
Nzl , I E i SHEEAR WU IEALAS A A%, o A BT
FTRLTBAEA WA , BALES ATE Z4ERRS M5 A7 E 19 A0
EHE.

() HLER AL QA
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Fig. 4 Particle distribution during motion process
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Fig. 5 Required number of particles change with robo movement distance
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Fig. 6 Comparison of localization routes between MCL and I-AMCL
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Tab. 1 Performance comparison between MCL and I-AMCL
R Bk PR EAOERE/em EMESEs
MCL 1000.00 21.836 51.447
I-AMCL 112.58 18.539 43.583
4 £

ASCIRH T R A RS B0 BB PSR RIS BN
(I-AMCL) 58 , FIFI B HLR L 1) —4EA5 15 BB IE B AR AR
RS FERAE , WO A% iR 2 AL ) SOL I 5 2 Y LA 8 L T 1A B
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HEEERS T EMEE; BRI EMEZRRIET £ 3XH
BT B ARSCA B TR ERE L, 5
AL AR R SO RS TE BT, E— R E Ltz
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