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A Survey of Vision-Based Human Motion Analysis

%

RUAN Tao-Tao, YAO Ming-Hai, QU Xin-Yu, LOU Zhong-WanQ*

(College of Information Engineering, Zhejiang University of Technology, Hangzhou 310023, China)

Abstract: Vision-based human motion analysis is receiving increasing attention from computer vision researchers. It

becomes the hotspot of the field of image analysis, psychology and artificial intelligence. It has a wide application in

intelligent video sur\;eillance, virtual reality, user interfaces and motion analysis. In this paper, moving target detection,

classification, tracking and human action recognition are overviewed. We analyze some problems and challenges.

Finally, some research directions in the future are discussed.
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2.1 BB &% (Background Subtraction)
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2.3 it (Optical Flow)
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4.2 FF X158 ER B (Region-based Tracking)
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HMM Sk 4b BEAN [] AN [0 A1 15 BRI SR 4iE . Brand
ac (561 0 1y A A B4 5 /R W) K E R (Coupled  Hidden
Markov Model, CHMM)H]T-FiB47T A1 Ren %5
571F] PCHMM(Primitive-based CHMM)JH-T-%UF (4T
ARG Bui &P T g % B K W] K (Abstract
Hidden Markov Model, AHMM)f¥JiR 5] 505 . Nguyen
A TOOLERL T P it %2 6 o JK AT R ACAZ B0 (Abstract: Hidden
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T3] L)&?ﬁﬂzﬁﬁﬁmo et \UOUR T — PR
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B8 % (Rao-Blackwellised Particle Filter, RBPF)JZ L
HEFRTVE U NGB B I 2 FE g, 2 AU
E T C“NERLH=ZRESFIEE HIM 7
(Begin-Middle-End Semi-Connected HMM , BME-
SCHMM) I NARAT AR TT V5, A REASIRAS (1 da HE A
RN TREEFIMS, BT854 . Nguyen %5
T2 J2 4 B o oK ) R AR (Hierarchical HMM,
HHMM) ) AR %47 #4715 . Peursum 28 A1
8 FHSGIE T HHMM——R AR A 2 94 B 1 7K AT At
#! (Factored-State Hierarchical HMM, FS-HHMM)XH A
47 A4 TR)). Duong 25 At Switching Hidden
Semi-Markov Model (S-HSMM), X &%} el /R m]
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DSV vy A K o 7R ) e K7 (Variable  Length Markov
model, VLMM)X} 3D LM BIERRE, dEimikil
2 AT A« Natarajan 25 A\ U8 B Hierarchical
Variable Transition Hidden Markov Model (HVT-HMM)
o> ZJER AR, BRI HVT-HMM X AR5
178))(Composite Actions)d#5e, FfAL & — AN Hp K /R
AR AR R TA] 2 RN JZ 43 )k R 6 AT A (Primitive
Actions). & 1A%#(Body Pose)ii. H4h, Rk
R AT R (Layer HMM)TT, 55 K4 T /R 1) S A 784
(Maximum Entropy Markov Models, MEMM)8H1i% 1]
T AWAT AU

)2 UL 9 2% (DBNs) 38 )3 FH -1~ 38 & AR il ifF
FUo AR NRAT NI 2 T H . DBNs /&L
I [ 2 TP DA B0 0 28, 5 52 2 IRIAZ ) 70 fiff ol — L6 7 B
(A5, Luo 25 NI 568 DBNs 51 AF U514,
ZSCHE, AL T HMM, DBNS AEH(LE B0 56
RGN AFA A B, HMM AN AoR—
W . DNBs HIFFABE 1T ARIA U 2. 20t
s TOT Y T v 4 DX 288 fit ke 22 WAL T4 L9 J7 4 o Ren 45
(348 14 5 5C DBNs(Primitive-based DBNs) A puf i 3=
AT AR, Bl BT AR B SO B R
41/, DBNs ReRES AN A 9915 R EIF B e inos, 32
T R BCR AR . Park 25 A2 P40 2% LISt
k2% (Hierarchical Bayesian Network) A iRH1 M ALT A,
J1H] DNNs BT 23067 235800 . W 2445, DNBs (1)
WIZRAHEL HMM a7 5, (HIrHATEH HMM 2% .

A, BRI (Conditional Random Fields,
CRF) B8] iz % 2% (Neural Networks)®®81, 47 LR
# Ml (Finite State Machines)® . ‘& {% & 2% (Belief
Networks)B4 5 v th ] AARAT P50
5.3 {TAIEXHEIR
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SERTHE RO T B TS, AR S
TR I 7 SR PR SCIEAT 43 2, A4 T o SR AR
H ) T SCRAAE AR, 48 U A0k e i AL
1% ARTE T . Ryoo & ANFARLH L T 1R S0k
(Context-Free Grammar, CFG)RiHid & 24T HRAZH .
fAEIAELE Sy A DY 2, 53 A4l B Z (the Body-Part
Extraction Layer), 232 (The Pose Layer), Z2)Z(The
Gesture Layer) F1 17 24 5 2 H )z (The Action And
Interaction Layer). 564 215 27K P HEASK 3G
I3 GAREFE, SRJ5 ] DBNs HEAT NAAZHAGhTE, B25 H]

250 %if-ZiiA Special Issue

HMMs BT AL, B H CRG BEATAT A U
Ogale 25 N\SU T4 | N S 56 3L v (Probabilistic
Context-Free Grammar, PCFG) [ 3}y @47 JiB k.
Guerra-Filno % APY4% 1ty syntax, morphology A1
kinetology = )z 4 #4 () A\AKAT 18 5 (Human  Activity
Language, HAL), f8HAT A7 5 ol LARIA 3T 1 -

6 AFALE I BRI R JE a3

TGS Z 8 AR . RS
FREE (152 . eI 25) i 2 A5, A MKIZE) 5347 2 — A
AATHRE I 1) B, 0 2 TR TR, A AAiE
B HHE SR T LA T 1R IR . FS0A B
SPARRIZ S BT T SN, A
T a2 () T e TR = A o G S M P
FAR O M SRR BB AR UG . HLE%2 ST 78 Ak iZ )
OB By R AR T £ €, JF HA— AR R 5.
(SRR 75, N AASE B AT A AELEAR 22 3 515 o
LRI — 5 (O
6.1 FER B

(1) BERSRILA SRS A B B, A
BN, NSHIEZ R AT B 2
ZAF, BEPI, R AL, XA R AR
AIIZRM, Il kB M, X2t 5 W4T
TR TG, T 5 L (TR SR b 33 4
HEGE 5 R OV I e 4 R SR P =
(AT Rk e SR 2 MU A, T LU &
V77 I TR A B 5 L A T 0 5
(RTINS o o F BALAREGE, H7 vt AR ER R
SRR S S AR B (5L, T LA MRS [ 0 44 BE 5 1 i
PO S, (B SRR AR v ARk 2 A R
PR R (RS R, AL, AERE RS T
(32 5 GBS B2 IR, SRS A .

(2) AT R AR M F R I S IR AR R, A7
BFMRIOTF TN E LB, BARA — S ST R,
{H E AT R AT R O AT 5 3 24230
55 2 B Bt——Action Recognition. 15 Je: faj 1)
Ha ks, e, sh. MRS, Bh. 854, B4
SR FAR I S G (AT, RS T h [ 4 b
RS2 e B FE AT e AT AT LB KT ZE 0, AT M 40
FERLS B N, USRAEEIR 2 I B, 47 4
HIAUEE R A FRAT Ay, 38 B 45 T AL ) B35 B A
(AT o AT A9 R AR P A T 438 15 )
Ui, SRR PRI 2, T A 1) 1 4
ook, SR E A, R, FHEd D,
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T RERRE TR TS A NAT o, AT AT
UL DR, SR R E 5 R AN
e FLPASL AR

SAh, LLEHRRE. YRR AR TR
SEAHTIIPERETAES, LR N IBE ST AR v
6.2 RRAHERITTIA

TR0 A IE 25007 AR _EJE AT R0 1
WL W RBLERLE . BB, IR A TR
SEZAERE . KK AE DI ST SO S e
— B TE L, DAL, R TN
Her BN S A 5 TS AR LSS 4T N 1
FRUCHIAR, {EMLIER L, OB I AT SR
P EI A BRI EARVE S A, ELRESSRRAR A1
FOBREE, HEAT SRR E S SER, LY S A
SR G. S0h, FRTH 2 OB B
TN, LUS HI0TFE N 752 AU i
AT e BEARASILAT Jn AU I L2 A S5
TRIE. g

7 gk

NHBE 54T T2 B VSR AT — A/ 7
MIWFRT . S e el . RIS, ANLACH %
JFTHI A2 PR AT S S T RHIE A S 2. A S
B AR, B3 HAR 2. NRSERE. Ak
AT A VR 5 AR DY AN T B 45 T S ARk AAT Sy BT
FOUURRIE R, FEA A7 10 1 SUR % A F iy T i 2
Wk, AR IR G R .

S 3CHk

1 Moeslund TB, Granum E. A survey of computer vision-based
human motion capture. CVIU, 2001,81(3):231—268.

2 28, 0 T, kAR GE B ML AT Sl I,

2002,25(3):225—237.

3 KRR R0 AR U ST, AR KM B TR B N 1K 32 5l PO 25
i L4441, 2007,35(1):84 —90.

4 BUPRN A5 NRIEE) 2 RIS A Tt e U
A T4 ,2009,22(1):70—78.

5 Moeslund TB, Hilton A, Kriiger V. A survey of advances in
vision-based human motion capture and analysis. CVIU,
2006,104:90—126.

6 Poppe R. Vision-based human motion analysis: an overview.
CVIU, 2007,108(1-2):4—18.

7 Poppe R.A survey on Vision-based human action recognition.
IVC, 2010.

8 Gavrila DM. The visual analysis of human movement: a
survey. CVIU, 1999,73(1):82—98.

9 B LG MAEZ ) BRI T ) Ee oy a R
#,2009,27(10):64—70.

10 Elhabian SY, El-Sayed KM, Ahmed SH. Moving object
detection in spatial domain using background removal
techniques-state-of-art. on Computer
Science, 2008(1):32—34.

11 Hironobu AL, Lipton AJ, Fujiyoshi H, Patil R. Moving target
classification and tracking from real-time video. IEEE,
1998:8—14.

12 Shoushtarian B, Bez HE. A practical adaptive approach for
dynamic background subtraction using an invariant colour
model and object tracking. Pattegn ‘Recognition Lett,
2005,(26):5— 26. %

13 Herrero-Jaraba E, Orrite-Urenugéla C, Senar J. Detected
motion classification®™with a double-background and a

Recent Patents

neighborﬁood-based difference. Pattern Recognition Letters,
2003,(24):2079—2092.

14 Stauffer C, Grimson WEL. Adaptive background mixture
models for real-time tracking. CVPR, 1999,2:23—25.

15 Stauffer C, Grimson WEL. Learning patterns of activity
using real-time tracking. PAMI, 2000,22(8):747—757.

16 KaewTraKulPong P, Bowden R. An Improved adaptive
background mixture model for real-time tracking with
shadow detection. Proc. 2nd European Workshop on
Advanced Video Based Surveillance Systems.

17 Li L, Huang W, Gu 1Y, Tian Q. Foreground object detection
in changing Background based on color co-occurrence
statistics. IEEE Workshop on Applications of Computer
Vision. 2002. 269—274. ¢\

18 Kim K, Chalidabhongse T, Harwood D, Davis L. Real-time
foreground-baclﬁground segmentation using codebook
model. Real Time Imaging, 2005,11(3):172—185.

19 Elgammal-A, Harwood D, Davis L. Non-parametric model
for background subtraction. European Conference on
Computer Vision. 2000. 751—767.

20 Wu MJ, Peng XR. Spatio-temporal context for codebook-
based dynamic background subtraction. 2009.

21 Collins, Lipton, Kanade. A system for video surveillance and
monitoring: VSAM Final Report. Technical Report, 2000.

22 Spagnolo P, Orazio TD, Leo M, Distante A. Moving object
segmentation by background subtraction and temporal
analysis. IVC, 2006,24(5):411—423.

23 Barron JL, Fleet DJ, Beauchemin SS. Performance of optical
flow techniques. 1JCV, 1994,12(1):43—77.

24 Ahmad M, Lee SW. Human action recognition using shape
and CLG-motion flow from multi-view image sequences.
Pattern Recognition, 2008,(41):2237—2252.

25 Gehrig D, Kuehne H, Woerner A, Schultz T. HMM-based
Human Motion Recognition with Optical Flow Data. 9th

Special Issue &if-2id 251

© TERERE TN

http:/fwww.c-s-a.org.cn



i E N R &N

http://www.c-s-a.org.cn

2010 4 204 # 2 W

IEEE-RAS International Conference on Humanoid Robots.
425—430.

26 Lucas BD, Kanade T. An iterative image registration
technique with an application to stereo vision. 1981.

27 R, DT IO T R O HE R R
B Al vh i dcE itk B 2k 2%4), 2008,34(7):760—764.

28 Ahad MAR, Ogata T, Tan JK, et al. Motion recognition
approach to solve overwriting in complex actions. Proc. of
the International Conference on Automatic Face and
Gesture Recognition. 2008. 1—6.

29 Efros AA, Berg AC, Mori G, Malik J. Recognizing action at
a distance. ICCV, 2003:726—733.

30 Li X. HMM based action recognition using oriented
histograms of optical flow field. Electronics Letters, 2007,
43(10):560—561.

31 Toth D, Aach T. Detection and recognition of moving objects
using statistical motion detection. and. Fourier -descriptors.
ICIAP, 2003. 430—435. "

32 Lipton AJ. Local AQpIicati'on EJf optic flow to analyse Rigid
versus non-rigid motion. ICCV, 1999.

33 Ran Y, Weiss T. An efficient and robust human classification
algorithm using finite frequencies probing. DVPRW, 2004.
132—138.

34 Bogomolov Y, Dror G. Classification of moving targets
based on motion and appearance Machine Vision
Conference. 2003. 429—438.

35 Yilmaz A, Javed O, Shah M. Object tracking: a survey. ACM
Computing Surveys, 2006,38(4):13—57.

36 Wang L, Hu WM, Tan TN. Recent developments in human
motion analysis. Pattern Recognition, 2003,36(3):585—601.

37 Wu Y, Hua G, Yu T. Tracking articulated body by dynamic
Markov network. ICCV. 2003,2:1094—1101.

38 Kehl R, Gool LV, Markerless tracking of complex human
motions from multiple views. CVIU. 2006. 190—=2009.

39 Roberts TJ, McKenna 8, Ricketts IW, Online appearance
learning for 3D articulated human tracking. Proc. of ICPR.
2002. 425—428)

40 Meyer F. Bouthemy P. Region-based tracking using affine
motion models in long image sequences. CVGIP: Image
Understanding, 1994,60(2):119—140.

41 Bascle B, Deriche R. Region tracking through image
sequences. Proc. of IEEE ICCV. 1995. 302—307.

42 Wren CR, Azarbayejani A, Darrell T, Pentland A.P,
Pfinder:real-time tracking of the human body. IEEE Trans.
Pattern Analysis Machine Intelligence, 1997,(19):780—785.

43 McKenna S, Jabri S, Duric Z, Rosenfeld A, Wechsler H.
Tracking groups of people. CVIU. 2000. 42—56.

252 i %A Special Issue

44 SERR) G 7, BRI SR B H bR R ER S SR
FHLTRE 5 ,2008,44(34):208 — 212,

45 Kass M, Witkin A, Terzopoulos D. Snakes: active contour
models. 1988.

46 Xu C, Prince JL. Snakes, shapes and gradient vector flow.
IEEE Trans. on Image Processing, 1998,(7):359—369.

47 Rathi Y, Vaswani N, Tannenbaum A. Tracking deforming
objects using particle filtering for geometric active contours.
PAMI, 2007,29(8):1470—1475.

48 Rathi Y. Viswani N, Tannenbaum A. A generic framework
for tracking using particle filter, with dynamic shape prior.
IEEE Trans. on Image Processing, 2007.

49 BKIEE BRI, Tk R HE T I Sh I MU 4 )
gy # SR ER S A [ R B 47 41k, 2007,12(3):438 —
443,

50 Hu WM, Tan TN, Wang L, Maybank S. A survey on visual
surveillance of object motion and behaviors. IEEE Trans. on
Systems, Man and Cybernetics, 2004,(34):334—352.

51 Kaneko T, Hori O. Feature selection for reliable tracking
using template matching.CVPR,2003(1):796 —802.

52 Mitra P, Murthy C, Pal S. Unsupervised feature selection
using feature similarity. PAMI, 2002,24(3):301—312.

53 Nickels K, Hutchinson S. Estimating uncertainty in SSD
-based feature tracking. IVC, 2002,20(1):47—58.

54 Tissainayagam P, Suter D. Object tracking in image
sequences using point feature. Pattern Recognition, 2005,
38(1):105—113. T\

55 Bobick A. Movement, activity, and ‘action: the role of
knowledge in the perception of mation. Philosophical Trans.
of the Royal Society of'lLondon, 1997,(352):1257 —1265.

56 Bobick A,“Davis J. The recognition of human movement
using temporal templates. PAMI. 2001,23(3):257—267.

57 Bradski G.R, Davis J.W, Motion segmentation and pose
recognition with motion history gradients. Machine Vision
and Applications. 2002,13(3):174—184.

58 Weinland D, Ronfard R, Boyer E. Free viewpoint action
recognition using motion history volumes. CVIU, 2006,
104(2-3):249—257.

59 Wang L, Suter D, Informative shape representations for
human action recognition. ICPR. 2006. 1266 —1269.

60 Yilmaz A, Shah M, Actions sketch: a novel action
representation. CVPR. 2005.

61 Dimitrijevic M, Lepetit V, Fua P. Human body pose
recognition using spatio-temporal templates. Workshop on
Modeling People and Human Interaction. 2005.

62 Myers C, Rabiner L, Rosenberg A. Performance tradeoffs in
dynamic time warping algorithms for isolated word

© TEBEEEIKETN

http:/fwww.c-s-a.org.cn



2010 4 204 % 2 W

http://www.c-s-a.org.cn

ik AL R g N A

recognition. IEEE Trans. Acoustic, Speech, and Signal
Procesing, 1980,28(6):623—635.

63 \eeraraghavan A, Roy-Chowdhury AK, Chellappa R.
Matching shape sequences in video with applications in
human movement analysis. PAMI, 2005,27(12):1896 —
19009.

64 XUFHIE, ) WA, R NAT U 5 BT SR o 5
W5 8484k, 2004(12):1—5.

65 Yamato J, Ohya J, Ishii K, Recognizing human action in time
sequential images using hidden Markov model. CVPR.
1992. 379—385.

66 Brand M, Oliver N, Pentland A. Coupled hidden Markov
models for complex action recognition. CVPR. 1997. 994 —
999.

67 Ren HB. Xu GY. Human action recognition with primitive
-based coupled-HMM. ICPR, 2002,(5):494—498.

68 Hung H. Bui, Venkatesh S, West G. Policy recognition in the
abstract hidden Markov “model.* Journal of Artificial
Intelligence Research, 2002,1"7:451—499.

69 Nguyen T, Hung HY'Bui, Venkatesh S, West G. Recognising
and monitoring high-level behaviours in complex spatial
environments.CVPR, 2003.

70 BRHE AR ST, BT RS S R R s S AT
S vE R N T4 B, 2009,(3):433—439.

71 2 U AR S 5238 A5G NS ERFIEMAT iRl
HUATIE K 24241),2009,33(2):6— 16.

72 Nguyen NT, Phung DQ, Venkatesh S. Learning and
detecting activities from movement trajectories using the
hierarchical hidden Markov model. CVPR. 2005. 955—960.

73 Peursum P, Venkatesh S, West G, Tracking-as-recognition for
articulated full-body human motion analysis. CVPR. 2007.
1-8.

74 Duong TV, Hung H. Bui, Dinh Q, et al. Activity recognition
and abnormality detection with the switching hidden
semi-Markov model. CV/PR. 2005. 838—845.

75 Caillette F, Galata A, How‘ardET. Real-time 3-D human body
tracking using Iearﬁt models of behavior. CVIU, 2008,109
(2):112—125.

76 Natarajan P, Nevatia R. Online, real-time tracking and
recognition of human actions. WMVC. 2008. 1—8.

77 Zhang D, Gatica-Perez D, Bengio S, et al. Modeling
Individual and Group Actions in Meetings: a Two-Layer
HMM Framework. IEEE Trans. on Multimedia, 2006,
8(3):509—520.

78 Sminchisescu C. Kanaujia A, Li ZG, et al. Conditional
models for contextual human motion recognition. ICCV.
2005.

79 Luo Y, Wu TW, Hwang JN, Object-based analysis and
interpretation of human motion in sports video sequences by
dynamic Bayesian networks. CVIU, 2003,(23):196—216.

80 ZEtles, D T4, L TR B H A P 1Y) 2 A AT Ry
NN FH,2006,26(7):1592— 1594,

81 Ren HB, Xu GU, Kee S. Subject-independent natural action
recognition. International Conference on Automatic Face
and Gesture Recognition. 2004.

82 Park S, Aggarwal JK. A hierarchical Bayesian network for
event recognition of human actions apd interactions. ACM,
Journal of Multimedia Systems, Spéciai Issue on Video
Surveillance, 2094,10(2):164—179.

83 Sminchisescu C; Kanaujia A, Metaxas D.N, Conditional
models for contextual human motion recognition. CVIU,
2006,104(2-3):210— 220.

84 Wang Y, Mori G. Max-margin hidden conditional random
fields for human action recognition. CVPR. 2009. 1—8.

85 Zhang JG, Gong SG. Action categorization with modified
hidden conditional random field. Pattern Recognition,
2010,43(1):197—203.

86 Yu H, Sun GM, Song WX, Li X. Human motion recognition
based on neural networks. International Conference on
Communications, Circuits and Systems. 2005.

87 Buccolieri F, Distante C, Leone A. Human posture
recognition using active contours and radial basis function
neural network. Proc. of Conference on Advanced video and
Signal Based Surveillance, 2005.

88 Hong PY, Huang TS, Turk M. Gesture modeling and
recognition usipg finite state machines. Proc. of IEEE
Conference on Face and Gesture Recognition. 2000.

89 Intille SS, Bobick AF. Representation and Visual
Recognition of Complex, Multi-agent Actions using Belief
Networks. MIT Media Lab, Technical Report: 454, 1998.

90 Kojima A, Tamura T. Natural language description of human
activates from video images based on concept hierarchy of
actions. 1JCV, 2002,(50):171—184.

91 Kojima A, Aoki S, Miyamoto T, et al. Generating Natural
Language Annotation from Video Sequences Taken by
Handy Camera. ICICIC, 2007.

92 Ryoo MS, Aggarwal JK. Recognition of composite human
activities  through  context-free ~ grammar  based
representation. CVPR, 2006. 1709—1718.

93 Ogale AS, Karapurkar A, Aloimonos Y. View-invariant
modeling and recognition of human actions using grammars.
ICCV, 2005.

94 Guerra-Filho G, Aloimonos Y. A language for human action.
2007.

Special Issue & it -2k 253

© TERERE TN

http:/fwww.c-s-a.org.cn



