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Distributed-Perception-Based Simultaneous Localization and Mapping for Mobile Robots

LIANG Zhi-wei , MA Xu-dong , DAI Xian-zhong , FANG Fang

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

Abstract: This paper presents a two-level simultaneous localization and mapping (SLAM) method based on distributed
perception that allows us to obtain accurate grid maps of large environments. At local map level, a new local map is built
based on information from the robot laser sensor and odometry using a Rao-Blackwellized particle filter (RBPF) method
once the robot enters a new camera visual field. Meanwhile, we also solve the camera-calibration problem by using a marker
attached to the robot which moves in a curve fashion in the camera visual field. The global level is an adjacency graph whose
arcs are labeled with the constraints between local maps. To obtain an accurate and globally consistent map, a stochastic
gradient descent (SGD) algorithm is employed to optimize the existed adjacency graph. Experimental results illustrate the
validity of the presented approach.

Keywords: simultaneous localization and mapping (SLAM); distributed perception; Rao-Blackwellized particle filter

(RBPF); stochastic gradient descent

1 3| (Introduction)

] I 5 47 5 s ] 81 2 (simultaneous localization
and mapping, SLAM) FCVFHLAF AAEAREIFAEL T, 4K
SEAL SR 1 DB S e Y b B A B b I, R
S HIMLES NPTAERLE. TP IR 52 280 e 7 (1)
4, SLAM A FJg— N EETHLE NSRRI
NEZ Ak v ) 7L

RS R IR S IRPAMRITIEH T2 205
SR eI E e, X LA KA A G N L 4
JEAR IR 2 YR AR ATAE B Z B PR 6 ) AN O 55 (1)
) R, B G — B AR IR, R e A AN
HEAS SLAM R v, A7 I EE 2 AN Tl i 7
R, P E R R Rk T B R IE

WA AE A — P BE B 2%, AT RA MM
TR J s BT M P BB, AT AU e LA N e A
i (14 ERE 1 S8 2 AN BE AT RN T SLAM (1)
YEAl V1 1n) 8. Murphy 25 A B 1 2648 H T 52K Rao-
Blackwellized 73 fi# h b - JE P A5 Al ¥t SLAM [n] i
At T FR L. 1 Montemerlo 25 A 161 ) 52 2k 3 H
UE B T A1 Rao-Blackwellized ¥i 1-3EJ #% (RBPF)
fift ke SLAM [l @ (1) aT AT, 75 kA5 Al |, Hahnel %%
A 0 4447 Ji¢ RBPF SLAM J7 32 LL3E [ Al % Hb 1]
BN EE, 1M Grisetti 25 A (8 )38 i 6 36 43 180 40 A3 Fl
FIN G R T RAE AL — P4 iz S AT Ak
B BRI RS b 1 ) ) e, X 8 7 v 7
B 22 (PR SR E G A U L DAL AIE 4 Je) b 1 (1 —

FEWH: R 863 HRIBIINH (2006AA040202,2007AA041703); EZK T4 HRRIFILE I H (60805032).

Wk H 20: 2008-07-21



34 /IR N

2009 4E 1 H

k.

B—J71h, A SLAM SR KRB L
BN B 577 1A% I8y HOR FH SR AR B8 45 0. i
KIAEIALE ) SLAM H, S5 X LR ok (1) 50 A 2l %
TG i) 78, s AN AN FE B2 N AR AR (1) Jrg 38 2 A5 I
G th IR 75 5 th IR UCE, 338 10 3 s 3 1] 1) st 2k
W, i PeX — e A P ATV MR RPN
s 2 il By B, ARIMIXFEA DG I T HLas A
Bk, T H K A B O (0 A B N T BLAR
NAEBIR W E AR, 5 — oot 2 4 s EVE N
PERE (WifE RPBF SLAM R £ (ki 15 8D,
SRTXAE () TR IE 0 T AL AN AL FE28 1) vH SR
it AR, T T 5 M RV 1 S N

BEXT LA F ] IR 43 B AR SOREAL S N PR 3 Je%
HIBE ) e B G vh O A B 483k 5 0, 5L
N B 7 RO AR RS A o A UK G0 9 4. 5
P oA SUR N 2%, Beik TP )= SLAM AR AL
TEJRF I, WL AT T H 5 Sk 1) R B HE 42 P9 58 1k
Je s s P ) B RS Sk bR 0T, TR B — N
(180 Jrd 0 e, P& P 2% A1 A L N 3B N — AN IR B A5 Sk A
B, AEA Rz, N EE TR Sk 1) S 8 Pl 2 TR 1
AL BRI, SR B AR B2 B2 A A B A Ja) i 1 1]

PATG 214 5 — B b .

2 FEREAY 62 (Building local maps)

e P £ LA Bl R R

(1) BN (K 47) 43 (07 28 A+ — A5 Sk 1 41
BF 2 A, e SCHA A 55— AN SR 0 b 1 1) S5 A
HT5 /) A% R i B 1 x BT ). R T e o AR EUH
TR 2GSk MR AR, SRBh LA A e B R
SR Y REAT 11232850, HLAR A ARSI B B 1% Sk 1)
FRAETVES WL [4), 7EBANES B S F R o — A
TG LA BT N LA ARy 41, il 1 R,
b s SR N T B TR A T HL S N T
bR, I SC (8] 42 H 1) RBPF J7 ik SEHLa% A
(RO AR THE B SR A . 75 R 4R
RIS, LENLEE N B Z B8 Sk I AL B 1T A7 1E N
oAb FE AR LA T (A e, WA A SR T30
() RBPF @ it i, I HLGn g i e 7 s 1 25 1%
PRk M JREAESE Clnll 2 ).

(2) P IE B M; T FF AR B AN T R
i B 4 AR R L2 N AE SR it ) My RN T A
BB AT . (1 R, MRl A AT
B (FERTB K M; e —MEED BN R

K1 E% A%@R%MﬁVﬂm%%)\ﬁlﬂiﬂéﬁliibﬁj‘%&%mﬁﬁl%%ﬂ%

Fig.1 Snapshots of the detected robot when it moves in a curve fashion through the first camera visual field
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if a new constraint (T, X,;) is added then do

num_states +=1

End if
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5 356 (Experiments)
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Fig.4 Map constructed from raw odometry
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6 %5i2 (Conclusions)
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