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Low-Cost IR Sensor-based Localization Using Accumulated Range
Information
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(Yun-Kyu Choi and Jae-Bok Song)

Abstract: Localization which estimates a robot’s position and orientation in a given environment is very important for mobile robot
navigation. Although low-cost sensors are preferred for practical service robots, they suffer from the inaccurate and insufficient range
information. This paper proposes a novel approach to increasing the success rate of low-cost sensor-based localization. In this paper,
both the previous and the current data obtained from the IR sensors are used for localization in order to utilize as much environment
information as possible without increasing the number of sensors. The sensor model used in the monte carlo localization (MCL) is
modified so that the accumulated range information may be used to increase the accuracy in estimating the current robot pose. The
experimental results show that the proposed method can robustly estimate the robot’s pose in indoor environments with several

similar places.
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Fig. 1. Low cost IR sensors of robot and their arrangement.
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Fig. 2. Concept of virtual IR sensors: (a) range data and robot pose
at time step t, and (b) additional range data and robot pose at
time step £ +1.
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Fig. 3. Motion model of a mobile robot.
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Table 1. Monte carlo localization algorithm.

1: Algorithm MCL(X, ,u,,z,,m):
2: X,=X,=¢

3 form=1to M do

4 [m} = motion model(u,, ,ml]

5 w,[m] =sensor_model(z,, x!", m)
6: y::Xr+<x’ ’W’[M]>

7 endfor

8 form=1toM do

9: draw i with probability o w”
10: add x{" to X,

11:  endfor

12:  return X,
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Fig. 4. Sensor model for MCL: (a) distribution of measured
distance, (b) probability due to known obstacles on map, (¢)
probability due to unknown obstacles, and (d) measured and
approximated probability of measurement.
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Table 2. Probability of reference pose and candidate pose.

A B C D
IR 0.78 0.69 0.71 0.60
IR-V 073 0.30 047 023
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Fig. 11. Procedure of MCL: (a) MCL with 8 IR sensors, and (b)
MCL with IR-V.
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Table 3. Success rate of localization with IR and IR-V.

R IR-V
Success rate 75 % 90 %

ot 9 ZYZE E5}Y HRo] oko] WoSE MI|4
% §43] 2153, AEEC) 23 AN Fdab)
A% AZF E resampling 51’741 @EAAS & ATk

- =2olM e AAFA FE-E 6019 resampling T ©]
F 2R HAAYAANA 02m ol BE o] ERjsts A
Sz Aelaloithol E 3L 204e] AR APS Fa
& ATES Y AR 7o RAME A3l 914
F49] AEEel ES ¢ 4 AUk 2= s

RANE o183 AXFHE AN Abe] By of
et Ax549 Aok 2 4 glsich
Vil &
B ATIAE Azle] RANE AHgsle] 229 A8
YA WA ST, A el S35 @
& REAS PEW AR ol SXF4 5ol Hal

8 5 ok o s Aol TAY ANIUE AR

el RANE Asted, AN A5E S24 el

BE AMAE 22 F E BuE udn. G A

BE B4 AN BEE 5 o] WRo AR 3
T

S et BN FAFE AsE 2 5 Agen,
RANE A8 94380 MndEe Fo) kel kA
A9 A5 ATAAT. 5 SAASH] S AN

2718 8 RANY &
g g% 91x33e) g% ol 2HL T oo,

HEd

2008 TSk A 41 skako]
A}, 2008~AA gt wylE
2yl Aashy AAlaAy e, P Rof
T olER3e fAFA.

HO - 22 - AlIAESS

(1]

B3

[4]

(5]

]

(8]

==2A H 15 &, Wl 8 & 2009. 8

an2d

F. Lu and E. Milios, “Globally consistent range scan alignment
for environment mapping,” Autonomous Robots, vol. 43, pp.
333-349, Oct. 1997.
D. Fox, “Markov Localization: A Probabilistic Framework for
Mobile Robot Localization and Navigation,” Doctoral Thesis,
University of Bonn, Germany, 1998.
PEE, $A%, G842 BHARZ ANFHL A

NE Z20) o Ao - AFE3} - A|AETE =22 A
128 Al52, pp. 450-456, 2006.
S. Thrun, D. Fox, W. Burgard, and F. Dellaert, “Robust monte
carlo localization for mobile robots,” Proc. of National
Conference on Artificial Intelligence, vol. 128(1-2), Apr. 2001.
H. Koyasu, Jun. Miura, and Y. Shirai, “Mobile robot navigation
in dynamic environments using omnidirectional stereo,”
Proceeding of IEEE International Conference on Robotics and
Automation, vol. 1, pp. 893-898, Sep. 2003.
D. Hahnel, W. Burgard, D. Fox, K. Fishkin, and M. Philipose,
“Mapping and localization with RFID technology,” Proceedings
of the IEEE International Conference on Robotics and
Automation, vol. 1, pp. 1015-1020, May 2004.
T. Arail and E. Nakatno, “Development of measuring equipment
for location and direction using ultrasonic Waves,” Transactions
of the ASME, vol. 105, pp. 152-156, 1983.
S. Thrun, W. Burgard, and D. Fox, “Probabilistic robotics,” The
MIT Press, London, 2005.
R. Kummerle, R. Triebel, P. Pfaff, and W. Burgard, “Monte carlo
localization in outdoor terrains using multi-level surface maps,”
Field and Service Robotics, pp. 213-222, Springer, 2008.

R

19831 ASoHEL 7| A| 3 S A,
19851 Al Ehsta 7| AV A BRak(EE)
AAP. 19922 MIT 71AIZ &8t
AD. 19939~&A] s gt 7]AEe
- 1<, FA4Eol= Design and Control
of Safe Manipulators, Mobile Robotics,
Haptics.



