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Abstract: To locate a mobile robot efficiently and accurately, we propose a localization algorithm for the particle-
filter based on particle swarm optimization. The drawbacks of generic particle- filter are analyzed. By incorporating the
newest observations into the sampling process and using particle swarm optimization, the prediction performance of the
generic particle-filter is improved. After that, the probabilistic motion-model and observation-model of the mobile robot are
established, and the self-localization problem of the mobile robot is resolved by applying the particle swarm optimization
to the particle filter. In this method, through particle swarm optimization, particles are moved to the regions where they
have larger values of posterior density function. As a result, the impoverishment of the particle filter is overcome and the
number of particles needed for accurate location is reduced dramatically. Simulation experiments show the validity of the

proposed method.
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Fig. 1 Failed scenarios of generic particle filter localization
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Step 1:
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noise covariance Ry,
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Fig. 3 The localization algorithm

5 i E%AUE(Simulation results)

ASCHE SR FHALAS N A R A7 1) 88 3R
FEARA LT~ D8 38 A7 T VEAER GRS AR Jn i Bl T 1)
TiAl Tk g, 55 IPFE 7 77 VAT AR, A 8K
YIRS 10 x 10 mok/s, Mo B R4 4100 x 1004
WA, A Elarh R RN e B, B ah Pl A &
SEAL AN ST, SR, LSS AR O
FEIBRAR ARSI TR AL A B B 5, LW T PR E
A7 7712 5 PSOPFE . )7 VEAE A Jy e A 1 DL T B8k
PERE. 49K FAH [RDRL (60001 ¥ ), PSOPFJE 7
J5 35 m] DAAR PR b i S50 B0 S A 2B 3, an El4(b), T
W RPFE 7 5 VA EN TV AR R I ) 8, L 2 de ¢
KL, W EA). HR, HhE T BEAE R BT BRSO
PR TR ERE. IR AT LR H, Mk AU T
— B HH W, HPEE 7 5 15 e SR B
MPSOPF & {7 J5 ¥ H1 ] AR 8 /b (ks 1~ W S B 3
SN 2B

R, T R e AL R RS B, LR T AR AR

A RS UL R HPESE 7 J5 v LA X PSOSE AL Ui
IR E LA BE. T PSOSE (L J7 VA AE K FEBT BOMRE
T O AT HEAT T AUAK, AEASRE T 23 A 1A e BLAR DX 3
83y, P e A 7 i R8s 1 PFSE AL 7
k. Esg T R HI1004S KL 1 HEAT A7 28 BRER I,
WUPF 5 12 DL R A SCEGdE T iR e ik 22 ih . i 1
TERTUEBT B, RERL T IR 28 73 AT AERT AR S ZE AL,
HERIERRT B 5E A5 2 L, ISR AR B R IR 1Y)
FEIEARE. ISR AT LU Y, A SCE 5%, B8
B F MR TR AL RS L L SRR E B

3 ﬁﬂh%
s T e
wrz/
=10s t=21s

(b) KEyHEPLACRE 5 DR AR 42 5 %E (7.(6000KL 1)

Kl 4 B ahflas N4z Ja e A )

Fig. 4 Global localization of mobile robot
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Fig. 5 Error curves of localization

6 458 (Conclusions)
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