000000000 Vol.xx No.xx, pp.108, 200x 1

gogooggf

Jotdbtdbotdbotdbtdbtubtubtubgbogn
Jooogood

o o o o

u 0 o

Sensor Space Segmentation for Visual Attention Control of a Mobile Robot based on

Information Criterion

Noriaki Mitsunaga® and Minoru Asada*

Visual attention is one of the most important issues for a mobile robot to accomplish a given task in complicated

environments since the vision sensors bring a huge amount of data. This paper proposes a method of sensor space

segmentation for visual attention control that enables efficient observation taking the time needed for observation

into account.

The efficiency is considered from a viewpoint of not geometrical reconstruction but unique action

selection based on information criterion regardless of localization uncertainty. The method is applied to four legged

robot that tries to shoot a ball into the goal. To build a decision tree, a training set is given by the designer, and a

kind of off-line learning is performed on the given data set. Discussion on the visual attention control in the method

is given and the future issues are shown.

Key Words: active perception, attention control, information criterion, sensor space segmentation
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Table 1 Example training data

Data number ‘ Landmark A ‘ Landmark B ‘ Action

1 5 5 X
2 25 15 X
3 27 10 y
4 40 30 z

Table 2 Information gain and information gain per time cal-
culated from example training data (Info., Info./time
and Lm indicate information gain, information gain
per time and landmark respectively).

Observation Info. (I;) | Info./time (i;)
0< (LmA) < 15 31 15
15 < (LmA) < 26 31 31
15 < (LmA) <30 | .50 50
26 < (LmA) < 30 14 1.4
30 < (LmA) < 45 1.4 70

0< (LmB) <7 31 .15
0< (LmB) <15 50 25
7 < (LmB) < 15 1.4 70
15 < (LmB) < 30 31 31
30 < (LmB) < 45 14 70

Gaze [15, 30)

if 26<=(Landmark A)<30
else

Gaze [0, 15)
if 0<=(Landmark B)<15

else

Fig. 1 The action decision tree constructed from example train-
ing data
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if 26<=(Landmark A)<30

else

Gaze [30, 45)

WN@er <30
if 0¢=(Landnark B)<I5

(a) Without observation

e e
if 26<=(Landmark A)<30
OM”

“lelse
@aze [30, 45)
if 26<=(Landmark A)<30

Gaze [0, 15)
if 0<=(Landmark B)<15

(b) Gaze [15,30)

Gaze [15, 30)
if 26<=(Landmark A)<30
0.0 1.0\1/ then

“else

Gaze [30, 45)
/Nzwmrk N0

Gaze [0, 1
if 0<=(Landmark B)<15

(c) Gaze [30,45)

Fig. 2 Calculation example of action probabilities
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X y VA
(D-(@-()>(s)

X y 7z
(D-(p)>(1)>(s)
Training sequence shown
with action states

Gaze i
Landmark A is in [x1, x2)
\L \L then

else

Gaze j

Landmark B is in [x3, x4) then

then

Actionx | Action State r
Action State ¢ Action State p

Action State s
Re-constructed action decision tree

Action y

else

Fig. 3 An example training sequence and re-constructed action
decision tree
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Fig. 4 A robot for the RoboCup SONY legged robot league

Fig. 5 Prepared moving actions

Fig. 6 The experimental environment (the same configuration
for RoboCup SONY legged robot league)
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Table 3 Comparison of the size of trees, expected number of
gaze directions, and time to make a decision.

# of Max. # of # of

nodes depth leaves dirs timels]
Pre-quantized 41 7 42 4.4 2.5
Info. gain 19 7 20 3.7 2.2
Info./time 29 9 30 1.5 0.84
Re-construct 34 9 35 1.4 0.60
Re-construct(M) | 29 7 30 1.5 0.82
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Fig. 7 Created attention windows with pre-quantized sensor
values
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Fig. 8 Created attention windows with quantization by infor-
mation gain
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Pan angle[pixels]
Fig. 9 Created attention windows with quantization by infor-

mation gain per time
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Fig. 10 Created attention windows of re-constructed tree.
Quantization was done by information gain per time.
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Fig. 11 Created attention windows of re-constructed tree.
Quantization was done by information gain per time.
Action decisions started from middle of the training
sequence were considered

Table 4 Comparison of average number of gaze directions, and

time to make a decision in experiments.

# of Average gaze Average

data  directions time[s]
Pre-quantized 34 3.1 3.3
Info. gain 43 3.5 3.3
Info./time 35 1.3 0.85
Re-construct 45 1.0 0.62
Re-construct(M) | 42 1.4 0.97
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Fig. 12 An example action decision sequence by the tree con-
structed by information gain. The probabilities to
reach each leaves (left) and the action probabilites
(right) are shown. The intensity of each small box
indicates the probability, white means zero and black
means one.
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Fig. 13 An example action decision sequence by the tree constructed by information
gain per time. The probabilities to reach each leaves (left) and the action
probabilites (right) are shown.
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Fig. 14 An example action decision sequence by the re-constructed tree with action
states. The original tree was constructed by information gain per time. The
probabilities to reach each leaves (left), the action state probabilities (center),
and the action probabilities (right) are shown.
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Fig. 15 Another example action decision sequence by the tree constructed by informa-
tion gain per time. We used 53 training data for this tree. The probabilities
to reach each leaves (left) and the action probabilites (right) are shown.
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Fig. 16 Part of the action decision tree constructed by the proposed method
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