ISSN 1000-9825, CODEN RUXUEW E-mail: jos@iscas.ac.cn
Journal of Software, Vol.19, Supplement, December 2008, pp.69-77 http://www.jos.org.cn
© 2008 by of Journal of Software. All rights reserved. Tel/Fax: +86-10-62562563

BT s s) 5 e &R IHE AR EHEIR S

(gt BT RS WEHRREEA Y B R s BRI s E 5520 % 100081)
Human Action Recognition Using Manifold Learning and Hidden Conditional Random Fields

LIU Fa-Wang®, JIA Yun-De

(Beijing Laboratory of Intelligent Information Technology, School of Computer Science, Beijing Institute of Technology, Beijing 100081,
China)

+ Corresponding author: E-mail: liufawang@bit.edu.cn, http://www.mcislab.org.cn

Liu FW, Jia YD. Human action recognition using manifold learning and hidden conditional random fields.
Journal of Software, 2008,19(Suppl.):69-77. http://www.jos.org.cn/1000-9825/19/s69.htm

Abstract: This paper presents a probabilistic method of human action recognition based on manifold learning and
Hidden Conditional Random Fields (HCRF). A supervised Neighborhood Preserving Embedding (NPE) is
employed for dimensionality reduction by preserving the local neighborhood structure on the data manifold. Most
existing approaches to action recognition use a Hidden Markov Model or suitable variant to model actions; a
significant limitation of these models is the requirements of conditional independence of observations. In addition,
generative models are selected to maximize the likelihood of generating all the examples of a given class and may
not uncover the distinctive configuration that sets one class uniquely against others. HCRF relaxes the independence
assumption and classifies actions in a discriminative hidden-state formulation. Experimental results on a recent
database have demonstrated that this approach can recognize human actions accurately with temporal, intra- and
inter-person variations even when noise and other factors such as partial occlusion exist.
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Fig.1 Flowchart of the proposed method of human action recognition
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Fig.3 Low-Dimensional representation of action features in the manifold space
K3 B ERRAETE A 28 (] IR 4 R o

3 ENEZEEFNIRZ

HMM 887 25 3R 7R e DA A2 A R At TR 2SR D I, 5 308 o 3G 15 A8 2 R 3RS0 B L 00 040 A SR 25
1) 55 2 0 SRR R UTR ) DA 27 20 H (), 000 3 AR A i il AT e 1 DA SR HCLE 14 70 R3¢ A SR

© EERERSEITON  hipy www. jos. org. cn



ik AE FAT AN F D 5 B ) AR SR 27 73

A1 HCRF 5 SRR N ARSI A 7 51 24T AT R
3.1 HCRFi&E!

HCRF J2& H 31 SR8, T LU BN 2 21 y ST 34200 2.y i R O 170 Bty = { Yy, Yoo, Vi ) BE N SR B
Ty, XML 5. 2 € Z, Z R @ ESONAE S X TAE R F S y A0 i & h={h,h,,...h | JLH
hoeH , H RoR I n] fe B BUBCIR S5 15

X455 BN Hc s HCRF 4284 75 20k 37 00 B 4% P A< HEAT 1 A4

X,
Zz'eZ,heHme o)
Kb B8O 6 M o INHREREL ¥ (2,0, y: 0,0) R BHCIR A G544 0000 5030 A0 20 41 28 031 -2 1w £ A 5% Wi e
JZ, o 2% HRA,

P(Z|y,9.w)=Zh:P(Z,h|y,H,a)): n

¥(z,hy:0,0)= Y Qe[z,hj,hk]+zm:¢92[z,hj]+zm:¢)(y,j,a))-@h[hj] (2)
j=1 j=1

(ik)<E
B SRR 5, A5 LA R €I 2000 — A B REARES, (v, J,w) 7T L7 WL 1 o 0 (T R4
32 G 5R5
SHATE O 1 3 MUK, 0=[0,,60,,6,]. 0, FERIEELCIR | A1k HEMERH 2 2 I AL, 0, 1 it
R BRARAS | A2 2 2 AR, 6, ort R hy e H (2% 0, . I Zirin SR H b o6 4

L(0)= ZlogP (z | y;,0,w) 2||0|| (3)

Horpr, n RORUIZRFEAR P71 S A4
g MRT A y F2E BB SE 07 RF Ay M VEZE T B T J7 Ui 2 :
~=argn21aZxP(z|y,a),@") 4)

4 BERSHH

A SR Blank 25 N\ B 128 %o 450925 200 R E AT B0 AIE % O 2 ST 93 AMIR A B R 1) RIS ) 71
(180x140 1% % ,25 i/ #), 5 fF & $5 bend,jack,jump-forward-on-two-legs(jump),jump-in-place-on-two-legs
(pjump),run,gallop-sideways(side) %% [T #7 2 /E 4 5l th 9 45286 A 5 58 B 4 s, th T 32 W15% . B ARl
S DRI 11 5 0, S5 B B BT A4 BY T??"?L/ﬂ %%JAH;HD

LA S U S |

Fig.4 Example images and the corresponding silhouettes extracted from the action dataset
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Table 1 Comparisons of action recognition performance
R 1 OAFBAE AR50

Models Average accuracy (%)
MDA 79.4
Hidden Markov model 82.9
CRF(w=0) 85.3
CRF (w=1) 88.2
HCRF (one-vs.-all, =0) 90.6
HCRF (multiclass, #=0) 92.3
HCRF (multiclass, w=1) 97.1
HCRF (multiclass, @ =2) 97.6
HCRF (multiclass, @ =3) 95.3

43 BN

N T R )R AR P A UM 45 R R 6 9 R AR 5N I AR SR EAT B AR KK 6
HU2E T 5 Y SR KB AE MG RUAR . i AR BT 52, i B2 R . AAZE 204 20 B0 T 3/E Walking in 45,
Swinging a bag,Walking with a dog,Knees up,Limp,Moonwalk,Occluded legs,Normal walk I Walking in a skirt.

K 2 NI ST ERE R S RN G R R A AR 9 MHEZRTT SR N 6 sl AN 45 R IE T
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Fig.6 Example images and the corresponding silhouettes for robustness test
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Table 2 Robustness evaluation with respect to other factors
F 2 FREHREINNA 0 gL A R

Test sequences The best match
Walking in 45° Walk
Swinging a bag Walk
Walking with a dog Walk
Knees up Skip
Limp Walk
Moonwalk Skip
Occluded legs Pjump
Normal walk Walk
Walking in a skirt Walk

5 & &

ARSCHE T — b3 T AR BY 527 51 (4 3h VR S0k, S0 R AT B NPE . 3145 i 438 Bh R 1E 1% 4k it
IR, 3T HCRF BHL HEAT ) M PR 501 52 56 38 B, BIMEE 6 R AF 22 57 5 K Bk A7 A6 e 35 3 M 3l 1 17 9, ST AT 4R
RE A XA 5 e (0 R 280 e A 25 RS B B TR AL (A N AARAT by 40 T e R v R 48 g T 5 2 el 0 N AR s A
NE5 58 AR5 [E B AE AR 5 (1) 45 K e 3 3 23 00 AT 0y 43 B 4 SR 77 2 ST S . A8 SC HMM,CRF HCRF
SN RIS R () S8 5 AT T 6 L 4 AT, 45 R 3R I 6 A PR B AR 4R A b AT B AR U I ) SR R AR e A
SR 38 2 I N A AH 56 249 ORISR FH 64 N 25 7 325 50 40 331 X 8 A AT B 1 B9 ) IR 3R B T I B8 A A,
KNG 23 70 Q] G JHLIOE 8 T i S ASE 20 5 T Je B IR N IR 5

BOgt RS ARSS AR A B 0K L AR S () 2 7 S PR A
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