%35 & 3
2009 4 3 H

H 2 % 4R
ACTA AUTOMATICA SINICA

Vol. 35, No. 3
March, 2009

- 1=
BET X EaS N AR &8 ABI1T A
> n A :
% RESH IR %

HAE' K fpxat
OE NWAT AU AR A 25 A R SN LA B s b 1) — AN TR R R 7404 T NIAT B AN R IE ) 475 1
Gl b, PR T — Rl )2 Hor 3E B i AR A 1 3) 7S DU i 4% (Hierarchical durational-state dynamic Bayesian network,
HDS-DBN). HDS-DBN & £ 2R, Rl R m NIAT A6 & 1 2 REEIZZN 401, FoAT 180 AT A A A 5 AT A
BEAT T V0N, SER A IR WIZ I B AT B R R 28, I HLAEAT W 75 A A1 B B B R SN s 1 100 T S8 EAT B IR s k. S
445 R W) HDS-DBN AL 52 GRS AL 4F T84T R h 1) 2 U8 3 40775

KEER ANMATAIRA, THEAURLE, MRS, 87 DU 4%
FES%ES TP391

Approach to Human Activity Multi-scale Analysis and Recognition
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Abstract
Based on analyzing multiple scales of motion details contained in the human activities, we propose a novel human activity

Human activity recognition is an important issue in the fields of video content analysis and computer vision.

recognition approach named hierarchical durational-state dynamic Bayesian network (HDS-DBN). The HDS-DBN contains
multiple levels of states and represents multiple scales of motion details as well. Experiments are conducted on the
recognition of individual activities and two-person interacting activities. Experimental results show that the HDS-DBN
recognizes human activities with high rates and has good robustness to the noise and loss of information. In addition,

experimental results demonstrate that the HDS-DBN can represent multiple scales of motion details correctly.

Key words

fERE M LAEN, JE T oSN 1 A AT
ORI A B T R R 2 AT R i H
I KR 20 B N BRIAT A O 7 A — R A e 2 R 4
. NBAT A VUNAEAR 2 W o F R A
BRI RE A . AHUAS T DA KRS T N 2 A
XTI Sa M H 1, A7 8 R AN R Z
KINIZ B E: fHmS 2 (Gross)s H1H]))Z (Interme-
diate) F4N1HZ (Detailed)P. 7EHINSZE I, Nl
BB — A i BE HE, s sh Bk 247 0 70 B
(R ELRFAL 72 TRZE B, N LAS S 2 (K32 5)
ity LRI R RN R L, N BRIz 5)
ity SEACRT A s k. ASTRE IR AL Bk 7 AN )
R ERyiszh. B, NrsshBul kw7 KR L
iz ), RSN NI Ak 10 B8 b 38 P 25
Wk H ) 2007-09-04  Wefe ki H 1 2008-04-29
Received September 4, 2007; in revised form April 29, 2008
% B RR 34 (60772050) ¥l
Supported by National Natural Science Foundation of China
(60772050)
1. W RF EAMAR Jbat 100084
1. Department of Automation, Tsinghua University, Beijing

100084
DOI: 10.3724/SP.J.1004.2009.00225

Human activity recognition, computer vision, video surveillance, dynamic Bayesian network

fiE S e T 8N R B iz g, Hoz g B gn fm H.
RASZAE R

by b, NHAT A FIN A5 24 REZRIE5)
AT, AN R SO AT A AN R L 248K
2 JT 98 AR R AERAS i — RO R SEAT i3,
A DI A [ IR 22 AN RUBE 38 B4R 73
B N siz gh =l {1 (W) AT R
—AMr. e, BRGEAEC IS B 1 E R N5 A
DV INSTAR LI PALTEIPSE WS W P E NN
JE LR E 5 NS R IE 8l T N B
I 23S, B I, T4, ARBL T iRl ROE E
Wiz sk k. NHIIBAA s 3h Sk 147 72 R
AR, IR = AN RUSEAE TR SO TR DA R R
HOREE BN R SR RUBE IR 32 Sl 4 9 £E 4T iR
Sl o AT AN R A 00, AT 22 b 5 5 RS
TAEDAT PR ) A A R

AR T — AR 2 R iesh 4 1 34747
AV FHESE. FEZAHE S R IRATRE N T 2
HA B B N AR S 1) B4 Ui M 4% (Hierarchical
durational-state dynamic Bayesian network, HDS-

DBN). 7 HDS-DBN tft, SR AS I T4 L



226 H | 1k

F {4

35 %

EAT N e, ANRZARZS 2 TR (R0 AR S e T
ANF R BEM K 5. HDS-DBN g #2 4f Hh 4 1817
A A LS A0TT, FF RN AT MLb
FEAS N FRAT N HEAT BT R

K 7N

LSAMSEN ] NI |

| itigs (PR | 588 (bR |

BT ANBAT A LA RUE

Fig.1 Several scales in human activities
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Table 1  The individual activity recognition results

using 2-level HDS-DBN
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Table 3  The interacting activity recognition results

using 2-level HDS-DBN

Inter 1Inter 2 Inter 3Inter 4 Inter 5 Inter 6 Inter 7 Inter 8
T REH 16 24 30 22 24 22 24 32
PR (%) 93.8 91.7 90.0 90.9 91.7 90.9 91.7 90.6
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Table 4  The interacting activity recognition results

using 3-level HDS-DBN
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