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Person identification using spatio-temporal volumes of human walking sequences

Yumi IWASHITA*2 Ryo KURAZUME*2

*2 Kyushu University, Graduate School of Information Science and Electrical Engineering
744 Motooka, Nishi-ku, Fukuoka-city, Fukuoka, 819-0395 Japan

This paper proposes a new person identification method using physiological and behavioral
biometrics. Various person recognition systems have been proposed so far, and one of the recently
introduced human characteristics for the person identification is gait. Although the shape of one’s
body has not been considered much as a characteristic, it is closely related to gait and it is difficult
to disassociate them. So, the proposed technique introduces a new hybrid biometric, combining
body shape (physiological) and gait (behavioral). The new biometric is the full spatio-temporal
volume carved by a person who walks. In addition to this biometric, we extract unique biometrics in
individuals by the following way: creating the average image from the spatio-temporal volume and
forming the new spatio-temporal volume from differential images which are created by subtracting
an average image from original images. Affine moment invariants are derived from these biometrics,
and classified by a support vector machine and a k-nearest neighbor classifier. We used the leave-
one-out cross validation technique to estimate the correct classification rate of 94 %.

Key Words : Security system, person identification, affine moment invariants
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(a) XYT image sequence volume (b) Braided pattern in the XT-slice

taken at the ankle
Fig. 1 XYT image sequence volume.
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(a) An average image

(b) An example
a new image

Fig. 2 An average image and an example of differen-

tial images.
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Table 1 The correct classification rate of our experiments

Biometrics The number of features | Correct classification rate [%]
SVM knn
(Exp.1) 3D volume of binarized images 6 75 69
(Exp.2) Average images 6 92 89
(Exp.3) 3D volume of differential images 6 84 79
(Exp.4) Average images and 12 94 90
3D volume of differential images

Table 2 Comparison of the experiment of ® and our experiment

The experiment of @ Our experiment
Classifier The k-nearest neighbor rule The support vector machine
Features The gait signature 2D and 3D affine moment
consisting of 48 features invariants consisting of 12 features
Classification rate [%] 92 94

Fig. 4 Samples from the CASIA-B database. @

000000000000000000000000
000000000000000000000000
000000000200000000000000
0000000000000000000000000
0D600000300000000000000

0000004000 00000000000
000000000500 20000000000°2
000@O0000000000000000 S50
020000000000 2000(000000
000000030000000000000000
0D2000M0O000000000 3000000
0000000000 3000000000000°2
000000000000000000000000
SOTONO O O00000000000000 kanO0O
00000000000 (e) 87 % O (f) 84 % O (g) 92
%0Mm93%000000000000000000
000000000000000000000000
000000000000000000000000
ooo

4. 0 0O O
oobOooboooooooooboooooon

oobooboooooooooooooboooo
ooboobooooooooooboooogooog

2:5¢+006 , Subject 15
Subject 23
L+ Subject 24
o  Subject25
2.0e+006 _— Subject 27
A Subject 30 =
Subject 31
Subject 57 =
1.5e+006 - Subject 102 =
Subject 115 =

1.0e+006 |

0.5¢+006 |

-

0 . . : . . . ; . J
0.8¢+007 1.2¢+007 1.6e+007 2.0+007 2.4+007
(a) Affine moment invariants

3.0 .
Subject 15
Subject 23
Subject 24
* Subject 25
Subject 27
Subject 30 *
Subject 31
. Subject 57 *
1.0} ° «*  Subject102 =
Subject 115 *

2.0 |

0.0 |

-2.0 -1.0 0.0 1.0 2.0 3.0
(b) Whitened affine moment invariants

Fig. 5 The first two affine moment invariants plotted
against each other for 10 of the 20 subjects and
their whitened values.
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Fig. 6 Upper and lower volumes.
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