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Body finding from uninterpreted sensory data with multiple sensory attributes

*Yuichiro Yoshikawa (Osaka Univ.), Yoshiki Tsuji (Osaka Univ.), Koh Hosoda (Osaka Univ.,
HANDAI FRC), Minoru Asada (Osaka Univ., HANDAI FRC)

Abstract— This paper presents a method of body-nonbody discrimination by complementarily utilizing
multiple sensory attributes based on a conjecture about the distribution of the variance of sensations for each
observing posture, where it can be approximated by a mixture of two Gaussian distributions corresponding
to the body and the nonbody, respectively. By estimating the distribution, the robot can automatically find
a discrimination hyperplane to judge whether it observes its body in the current observing posture. Simple

experiments show the validity of the proposed method.
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Environment

probability density

Fig.1 Mixture of Gaussian distribution model of ob-
serving variace vector
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(a) The robotic test-bed

(b) An egocentric view of the
robot

Fig.2 The robotic test-bed: (a) the whole body and
(b) an egocentric view
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(a) schematic examples of observ- (b)  the ex-
ing posture and the correction of tracted body
the average luminance pattern in by human
each posture experimenter

Fig.3 An schematic explanation of (a)the learning
process and (b)the desired extraction of the body

3(b)J0U0O00O0ODOOOOOUDOOOOUDOOODOO
gooooood

31 0OO0O00O0OO00OO0O0OOO0bOOoOoO-ooo0d
oo

00000000000000000000000
000000000000000000000-000
00000 (D=1)00000Fig 40000000
000000000000Fig 4() 00000000
0000000000000 EMOO0DOO000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
OOFig. 4(b) 00 (7) 00000000000000
000000000000000000000000
00000000000000Fig 4 (b)0 Fig. 3 (b)
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
oooo

tilt axis

probability density
0 05 1 15 2 25 3 35
€ 9 6 ¢ & 8 12 7

°

o s
%

°

S

>

®

» pan axis

(a) distribution of ob-
serving variance and its
estimation

(b) the extracted body

Fig.4 Body-nonbody discrimination with disparity
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(a) distribution of ob-
serving variance and its
estimation

(b) the extracted body

Fig.5 Body-nonbody discrimination with luminance
pattern
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(a) distribution of ob-
serving variance

(b) the estimated distri-
bution
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(c) the correction of the
average disparity

Fig.6 Body-nonbody discrimination with both dis-
parity and luminance patter
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(a) the extracted body
with chroma

(b) the extracted body
with direction of the
edge

Fig.7 Body-nonbody discrimination with one sen-
sory attribute
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Fig.8 Body-nonbody discrimination with multiple
sensory attributes, disparity, luminance pattern,
chroma, and direction of the edge
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