5512 4555 410 BOBE R & ¥ M Vol.12 No.4
2017 4 8 A CAAI Transactions on Intelligent Systems Aug. 2017

DOI:10.11992/1is.201607007
) £& H Rt Ik - hitp ://kns. enki.net/kems/ detail/23.1538.tp.20170407.1734.002. html

ZIRBRFHNBIIFE AR EMEMITS BEA

AR A Lia R Wk

(1.LZA&EKS AFLFR,LHK &7 210096; 2. AL TR ZAAMNESHHHFTHRELEHET TR & 7w 210096)

OB EIE AT IR shAZE NS, A0 E S A T ERIE 32 1 —Fh RGB-D 1L 8254 Bt AL AN B sh L 4%
NS HEM T, A RGB-D fRIRES (5 B s A 40 8 DX 35k, I3 1k Ale b e 3 o s A #cs v b 8h &
B R IR RT , 25 A B WAL Fisher 15 8 8 REZEZRAG TTULIAE B BY AT A2 A0 0 B4 5 [ i o T 000455 250 Pyl 25 4 B 1
M BREVHE B A AT S T s AR MELIN{E BT FAR R, 7 LA & 2 N2 sh i sh B IR sl 451
IGUE T AR SO 1L REAS 2 = HLER N B 8 7 A Ef PR R AT S

KSBIF SR ; B T s RCB-D 1RJEES ; Fisher 15 8 A B s AR ; 7@ 01 s FES A T B ahplas A
FE3ERS TP24 XHEIRERE A XEHRS:1673-4785(2017) 04-0443-07

PG AN 6, R, DR, S S EBENBHNBATEMCEGAITEEEM[I]. BEHRAKFR, 2017, 12(4):
443-449.
FE 5| H#& X : SUN Zifei, QIAN Kun, MA Xudong, et al. Self-localization of mobile robot in dynamic environments based on

localizability estimation with multi-sensor observation[ J]. CAAI transactions on intelligent systems, 2017, 12(4) : 443-449.

Self-localization of mobile robot in dynamic environments based on
localizability estimation with multi-sensor observation

SUN Zifei', QIAN Kun'?, MA Xudong'*, DAI Xianzhong'’

(1.School of Automation, Southeast University, Nanjing 210096, China; 2.Key Laboratory of Measurement and Control of Complex
Systems of Engineering, Ministry of Education, Nanjing 210096, China )

Abstract ; Based on the localizability estimation theory, in this paper, we propose a new method for the reliable
self-localization of mobile robots in a disturbed dynamic indoor environment by the adoption of an RGB-D sensor to
assist the laser scanner. People’ s location areas are rapidly detected in RGB—D data, which are then transformed to
the laser sensor coordinate to compute the influence of the dynamic obstacles on the laser data. In combination with
the discrete Fisher information matrix, we estimate the localizability matrix of the observation information online. In
addition, we assess the reliability of the information in odometers by the covariance matrix of the prediction model ,
thereby dynamically compensating for the effect of the observation information on the particle set. We conducted
experiments in a dynamic indoor environment and the results confirm the accuracy and reliability of the proposed
robot localization method.

Keywords: dynamic environment; self-localization; RGB-D sensor; Fisher information matrix; people-detecting;

localizability ; online estimation; mobile robot
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