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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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(a) Photo of the field.

(b) Size 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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Fig.3 Example of landmark prediction tree

O00o000o0oooo+«o0o0bo0obo0ooooono
odobooooooboooooooobonoooono 3
ooooa

poo(t) = pi(t— 1)10%2@ -1)x0.3

p01(t = p(f(t - 1)Pf2(t - 1)?21

poz(t = p(f(t - 1)P%1(t - 1)P2Ll(t - 1)

it = Dpa(t —1) x 0.7 (5)

oood
gooobgbooobo¢toboobooobooog

DDDDDDpﬁc(t)DDDDDDDDDDDDDDD

goooobooog T?(t)l]l]l]l]l]l]

3.3 0O4Oogno
gbogbodgboboooouoobooboooodgd
odooooooooooobooooboooooogon
gboboobobooboboboobuooooobo
ugbobooboboboobodabobobobon
oboobOooooooobooobooboooboon
gbobooobobooboboobobobobon
ggbobobuogoobooboodaoooboodaoo

000000000000000000000 (00)
000000000000000000000000
oooooo
4 0000
0000000000000000000000
00 000000(—65), [—65,—40), [—40,—15),
[~15,15), [15,40), [40,65), [65,) 0 7 00000
0000000000000000800000 (O

40000000000(—45), [-45,—12), [-12,12),
[12,45), [45,) 0 5000000000000000
000000200 (00000000 300000)
000000000000000000 110000
000000000000000000000000
000000000000000000000000
000000000

00000000000000000000000
000000000000000000000000
D00000000000000 YN, pljlo100
000000000N0000000 100000
(1=, pll)/N O pli)(j =1,..,N)DOOOON
00000000000
000000000000000000000 0.6
0000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
0ooooo

(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 | min dep. | mean dep. | max dep.

43 1 4.91 8

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
CW 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]
| (0.867)

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 T 8
ball TG NE Nw CW CE O0G SE

Table 3 The order of information for the action de-

cision tree (experiment 1).

ball: ball act

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

CE: act NE TG CE NWw CW 0G SE
CW: TG act NE NW CE CW 0G SE
NE: NE act N\W TG CE CW 0G SE
NW: act NE TG NW 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.
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# 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 b5

6 7

8 9

ball TG 0G SW SE NW 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 8w
TG NE
NWw TG

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

5 6 7

Nw CW NE
NWw NE CW
CE NE NW
TG NW NE
NE SW NW
NWw 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).
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