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Observation strategy for decision making based on information criterion
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Abstract:

This paper proposes a method of constructing a decision tree and prediction

trees of the landmarks that enable a robot with a limited visual angle to localize itself in the
environment. Since global positioning from the 3-D reconstruction of landmarks is generally
time-consuming and prone to errors, the robot makes decisions depending on the appearance
of landmarks. By using the decision and the prediction trees based on information criterion,

the robot can achieve the goal efficiently.
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Fig.1 The SONY legged robot for RoboCup 99
SONY legged robot league.
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(b) Size of the field

(a) Photo of the field.

Fig.2 Experimental field (same as the one for
RoboCup SONY legged robot league). Cross marks

are for the first experiment.
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act-1-LMO-+1-LM1-1-LM2-1- [LMO=1]
+2-LM1-1-LM2-1-[LM0=2]
+2-LM1-2- [LM0=0] (0. 3)
+2-LM1-2-[LM0=2] (0.7)

Fig.3 Example of landmark prediction tree
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(a) for landmarks (b) for the ball

Fig.4 Quantization for landmarks and the ball.

4.1 Experiment 1
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# of leaves
43 1 4.91 8

min dep. | mean dep. | max dep.

Table 1 Depth (minimum, mean and maximum) and

size of the action decision tree (experiment 1).

# of | min dep. | mean dep. | max dep.

leaves
ball 52 2 2 2
oG 13 1 4.23 8
TG 44 1 5.39 8
SE 6 1 2 3
SW 0 0 0
CE 28 2 4.69 8
CwW 11 1 3.91 8
NE 51 1 5.96 8
NW 54 2 5.91 8

Table 2 Depth of the prediction trees(experiment 1).
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ball+1-[L]
+2-TG+-3-[L]
| +-4-[F]
| +-6-[R]
+3-[F]
+4-[F]
+7-TG+2-[L]
| +3-NE+5-NW+1-CW-0-CE+0-0G-0-SE-0+[F]
| | | | | (0.5)
| | | | +[L]
| | | | (0.5)
| | | +7-[L]
| | +2-[L]
| +6-NW-1-CW-0-CE-0-0G-0-SE-0+ [F]
| | (0.33)
| +[L]
| (0.67)

Fig.5 The action decision tree (experiment 1). F, L,
and R mean forward, left forward, and right forward

respectively.

1 2 3 4 5 6 7 8
ball TG NE NW CWw CE O0G SE

Table 3 The order of information for the action de-

cision tree (experiment 1).

1 2 3 4 5 6 7 8
ball: ball act

0G: act NE TG NW CW CE O0G SE
TG: TG act NE NW CE 0G CW SE
SE: act CE NE 0G NWw TG CW SE
SW: -

CE: act NE TG CE NW CW O0G SE
CW: TG act NE NW CE CW 0G SE
NE: NE act NW TG CE CW 0G SE
NW: act NE TG NWw CE 0G SE CW

Table 4 The order of information for prediction trees

(act means action, experiment 1).
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Fig.6 Probability distribution in experiment 1-1 (
The height of the black box indicates probability).
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4.2 Experiment 2
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Fig.7 Probability distribution in experiment 1-2.
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Fig.8 Probability distribution in experiment 1-3.

et

# of leaves

min dep.

mean dep.

max dep.

586

2

5.89

9

Table 5 Depth and size of the action decision tree

(experiment 2).

# of | min dep. | mean dep. | max dep.

leaves
ball 403 2 2 2
OG 958 2 7.58 9
TG 1050 2 7.67 9
SE 845 2 7.35 9
SW 901 2 7.41 9
CE 901 2 7.13 9
CW | 873 2 7.37 9
NE 1031 2 7.60 9
NW | 980 2 7.55 9

Table 6 Depth and size of the prediction trees (ex-

periment 2).

2

3 4 b

6 7

8 9

ball TG 0G SW SE NWw NE CE CW

Table 7 The order of information for the action de-

cision tree (experiment 2).

1 2

3 4

ball: ball act

0G:
TG:
SE:
SW:
CE:
CW:
NE:
NW:

0G SE
TG 0G
SE 0G
SW 0G
CE SE
CWw Sw
TG NE
NW TG

SW TG
SE SW
TG SW
CWw SE
0G TG
0G TG
0G SE
0G Sw

5 6 7

NWw CwW NE
NW NE CW
CE NE NW
TG Nw NE
NE SW NW
Nw SE NE
CE NW SW
CWw SE NE

8 9

CE act
CE act
CW act
CE act
act CW
CE act
CW act
CE act

Table 8 The order of information for prediction trees

(experiment 2).



gooooooboboooboooboooboooog
oobooboooboooooooboooooooono
goooobooooooboooboobobooboobooo
ooooobooboooboooboooooboooobooo
oobooboooooooooboooooooon
oooooooooog

experiment 1, experiment 2 00O O00O0OOONO
UO000D0O0OOexperiment 1 OOOD0OO0O00OO00O0
UO00ODOexperiment 2 00 000000000000
experiment 1 00 000000000000 O00OO0O0O
oooooboboooboobooooooooobooooo
gooooboooooooboooboooboooobooo
ooooo

oooooooooOobobooOooobooooooo
oobooboooooooooboooooooon
oooooboboooooboooboooboooobooo
oobooboooooooooboooooooon
ooboobooooboboooooooooooo
ooooobooooooboooooooooooo
goooobobooooooooooooobooooo
000000 C457 000000000 O0O0000
gooooooooboobobooboobobooboooog
ooooooooooobooooonog

oboboooboOooooooooooobooooboog
goooobobooooobooobooooboooobooo
gooooboooooobooobooboboooooo
oooooboooooobooooooooooon
goooobooboooboooboooobooooobooo
oboooooooooboobooogooboo

gooo

[1] W. Burgard, A. Derr, D. Fox, and A. B. Cremers.
Integrating global position estimation and position
tracking for mobile robots: The dynamic mrkov
localization approach. In Proceedings of the 1998
IEEE/RSJ International Conference on Intelligent
Robots and Systems, pp. 730-735, 1998.

[2] W. Burgard, D. Fox, and S. Thrun. Active mobile
robot localization. In Proceedings of the Fourteenth
International Joint Conference on Artificial Intelli-
gence (IJCAI). Morgan Kaufmann, San Mateo, CA,
1997.

[3] M. W. M. G. Dissanayake, P. Newman, H. F.
Durrant-Whyte, S. Clark, and M. Csorba. An ex-
perimental and theoretical investigation into simul-
taneous localisation and map building. In Preprints
for 6th International Symposium on Ezperimental
Robotics, pp. 171-180, 1999.

[4] 1. H. Moon, J. Miura, Y. Yanagi, and Y. Shi-
rai. Planning of vision-based navigation for mobile
robot under uncertainty. In Proceedings of the 1997
IEEE/RSJ International Conference on Intelligent
Robots and Systems, Vol. 1, pp. 1202-1207, 1997.

[5] 1. Moon, J. Miura, and Y. Shirai. Dynamic motion
planning for efficient visual navigation under uncer-
tainty. In Y. Kakazu, M. Wada, and T. Sato eds., In
Proc. of the Intelligent Autonomous Systems 5, pp.
172-179, 1998.

[6] J. R. Quinlan. Discovering rules from large collec-
tions of examples: a case study. In D. Michie ed.,
Ezxpert Systems in the Microelectronic Age. Univer-
sity Press, Edinburgh, Scotland, 1979.

[7] J.R. Quinlan. C4.5: PROGRAMS FOR MACHINE
LEARNING. Morgan Kaufmann Publishers, 1993.

[8] J. Tani. Model-based learning for mobile robot
navigation from the dynamical systems perspective.
IEEE Trans. on System, Man and Cybernetics Part
B (Special Issue on Robot Learning), 26(3):421-436,
1996.

[9] J. Tani, J. Yamamoto, and H. Nishi. Dynamical
interactions between learing, visual attention, and
behavior: An experiment with a vision-based mobile
robot. In P. Husbands and I. Harvey eds., Fourth
European Conference on Artificial Life, pp. 309-317.
The MIT Press, 1997.

[10) 00,00,00.0000000000000000
000000000000000.0 17000000
0000000000000, pp.613-614. 00000
0oo, 1999.



