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Abstract; A human action recognition method based on a probabilistic topic model is proposed. Firstly, the method extracts space-time

interest points to describe human motion. Then the slow feature analysis algorithm was proposed to calculate the invariant optimal solution of the

gradient information of space-time points. Lastly human actions were recognized with the probabilistic latent semantic analysis ( pLSA ). The

invariant optimal solution of the gradient information can express the inherent characteristics of STIP, and it can also reflect the space and time

information of STIP discriminatively. For solving the problem of latent topics that are not guaranteed in pLSA, the topics obtained in supervised

fashion correspond to action labels one by one. Action recognition results were presented on KTH human motion data set and Weizmann human

action data set. Our results show that the action recognition rates of the tow dataset are respectively more than 91.50% and 97% .
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Fig. 1  Flow chart of the algorithm

1 S EERFFIER R

ARSCALE P Laptev' " 472 4 it 28 28R 5K 0 5
AR ) A A ] B AR R R S TER
DA 20 g STIP SR3T X, 42 3D = 8] 57 7 146, I
1 S 7 VR 2 78 28 5 AL Y A Thi ™ i ]
HOG #1 HOF ( Histograms of Optical Flow) , ik &
SIS DGR S A, SR, 25 (] HOG X REH
IR GRS DT A ) A3 [ B, Tk R R S T IR TE
ifE] EA8 4k, HOF BEifiik A A4z gl (| 22 4k, {5
DG Ui s DG JC 22 Wt A5 v R R ORISR
HG RS R & 20T TR A 2% AT RG 1 5 52
ARSI I 75 2 T T R A R 4 o AR SOl HOG
TRt AU 28 X680 1 7 IR SRS 2 L T SFA
SETH R GER RE EAE B B I A
1.1 Bz 48 ( STIP) 4237

STIP J& A Hp 245 (] 1 Bsf ] | 6 B A b i 3%
MR ER AL, A G A IR IR Kz sl B2 AR AR
(15 2 HEAT RGN . STIP™ 2 Harris ) 546 90 55
TR ] - ] AR REAS RS I A 1
2% [R) NS (] 5[] b (722 4k, STIP A # 4T .

RSy, 0) H—EBIRR b (v, y )
BRI A A AR BR, 0 FRRR R IR AR BR3¢
il PN 25 S H0T A B IR R 8 g (- 5o, 70)
(A H (a,y,0) T4 (- ) S EBIER
Sy, 0) GRREL M2 REEZS W LI LAER
AT A R A, LA N T

L(x,y,t;00,7) =g(x,y,t;00,7) *f(x,y,1),
(1)
Horr« FURBRE T, o) M w4 BIFR7RAMST 25 0]
FRUBE AR B A ST IS R] RUBEAR & i ek o SOk

g(a,y,t307,7)) =

| - (" +y")

2
————— - exp )t (2)
V@2m) ol 207 27



- 104 - e PN 4

535 &

AT 22 RO 25 (8] L5 68 397 A R 4K
g( 550 smy) (s S a) R A% s s i) )R AR
AR R B BB A 2 B AR B A
T LYW B /N W
p( -« soi,70) =

g( 5507 ,571) % (VL( + 507,7) (VL( * 507,7)) ")
(3)
KABVLC - 507,77) N RBEZS [ REL L 23 FIAE «
yt I B —Br g, & L L LA
wmr:
L+ s00,m) =0.(g*f)
L( - s07,7) =0,(g*f) (4)
L« s507,7) =0,(g /)
BRI L 245 1) A BRI Ay

VL( -« s00,m) (VL( -
L} LL, LI,
=|LL, L LI,
LL LL L
BRI ] 25 D480 A, T SR R B 25 2% R
JRTER XS, et REUR SRR f(x,y, t)
H B RE R R e ELAT SRR DX A B 255 2%
BRE AL . 5 Harris A 250K 035 ML, S0
@FFJIWEIZ@&HWWJ)%’iMWQ{E ] 5, IR AR
KAE AR I 23 2R a5 o BB R S0E LT
H—det(u) —k trace’ () (6)
24 RSB ER f(ac,y 1) RN 23 2% 80 i 7E 1]
B BREL H 1 1E Ry s 28 Al KB AL HRAS: , B 7E 1 (B
FRECH >0 A B, K 2 i s, N Weizmann %5
PRI STIP,

so7,71))"

(5)

K2 Weizmann EUIE 5 SHAE B 23 24380 5 X 8k

Fig.2 The actions’ spatio-temporal interest

point of Weizmann database

1.2 #ERER

KRB NEN (x, v, 0) 2 S ITAE, I
K(1) ~ Q) M@ Eds 2 R 2s 8] LY LB
F%Eﬁiﬁ'ﬁmﬂﬁ BB (K (3) ~ (5)) 13380

AR R R, o8 Y (R R H S DU R AR R
{E () g3 A R AT 235 0 A o AR SO R 4

R HOG Xof SR 14 B 25 280 i X 38l 37y (A 47
TR, ARG 5 K IloBh B 55 AN S

28— I 2 2R p, B p b S —
AN 3D S SE TR IR R (A, (o) L A, (o)),
At(r,)) H A, (o) :Ay(o-l) =180y,A, (7)) =
87,0 MBBERT S 2480 5 ST 5 MR AR AR [R] 52 1,
SEPMTE ]8Ry T, B A7 5 M AR B i i ) 6
KL (e=1,2,-,T) o fHAHZCL) F(2) %5707 ik
PG 1, 04722 RS 18] L34

HOG : B G Heii 1, v, 2545 28 A58 B2 K/ K
TR A AR
m,(x,y) =
V(L(x+1y)

+(L(x,y+1) =L(x,y-1))?
(7)
Lix,y+1) -L(x,y-1)
Lix+1,y) =L(x-1,y)"
(8)
R (7) F(8) A3 STIP X5y Jr 1425 14
PBRIMAAR R RAIEREE R/ BT 1] #4452 Y
AN TEE MU 0 B 1] S e THAE AN &L 3 R 64 4
AIREEE - T HITE O b IR AR 248 5 1B B
et 1, W LAfSE T 64 4EJ7 1) — B )i (1) =
[M(t) 0, (1) w6 (1) }T FN o

_L(x_l’y))z

0,(x,y) = arctan

] L[T] 7~

-

L/ INLLW U/
x ML
N
|
A
4
loAls
¥
/

LllLil....ul

12345678 62 63 64

B3 BREE - J5 Il ik 1
Fig.3 Gradient direction descriptors
1.3 ETFSFARNZXBREEATE
2 RS TR S = {1y, L

JRER
AN
(T 1, (35 64 4E 7 1 — BERE Rt 2 (1) FR.
TR A AL e T B () = [, (0) (1) 4o,

e (1) 17, SFA B H i 2 40 3] — M IE L 1 bR
(o) =1/ (), fo(x), oy fi(2) 17 A3 2%AE
ARt y () =f(x (1)) M B2
ATRENE o XS T AR A ek R Y 1) A2 A 3E R SFA
o FH 5 T 5 ] — o 3 B P 7 S (e o A A, D



5 1

WHEIE, 55 3T pLSA BRI ARSI £ 105 -

WSRAFAE SFA 19 H AR BN
H;i[nA(yi)::<<yi(t))2>’ (9)
Ay, (o) FORGE § ANAELMERREL, O T Sy, (1)
(BN i R EEHE O R AL )i v () FRAZ
B, BRI RN e (1) =x(1) - <x(t) >0 A
Hoa B e (o) EIMEN O BYFFE 1) & o [FI,
T RIERT AR S T7 2200 1 IR PRI AR 56, X
ARG T e (o) AELL T AR B .
yi(1) =w'e(1) (10)
ZL UL BAE S0 H, HAREEL(9) K AZTE Ny
minJ g, (w) : =m}£nA(%) P =

() =((w'e(t)) (w'e())") (11)
P T ZR LT B H AR R AR SO ]
D BRI IR H D = Ce()e(0) '),

AR AW I7 25 B D B R 5 D = ((e(1) —e
(t=1))(e(t) —e(e=1))") iy AL D
FRAS(LL) B BIRIT H bR e %L

minJ g, (w) : = ((w'e(1)) (w'e(1))") =w" Dw
(12)
H A STy, (1) 2 BB B8, TR0 LA o
B LU A RIS 25 -
w[‘ bw
w Dw (13)
R B [ i o, (75 R BB S B/ R
A i) e o 1) ST LA A, DAy R 7 A R A 1) w0 I

EL AL Dw = ADw WAFAERE Ao B HE S v (1) B
WIS AR v (o) B B die /NEFAE A A 1
FHAE 1] 5 w0 (95 -

TR 45 e 23 S0 R 37 A B8 E 1) e 1
EIARAS BHR A A w 5 , (3 b — mean B0 A
i 23 0 5B AR I S AR A T B2, A
Ky R

2 BT pLSA NMFzh{EIR5]

AR SCUAIN 28 248K s AR R SRR , i pLSA
TR, NS E AT A . S R
S A PRI 25 R A o BRICE Y I S DGR A X
ol s TR PG [ it 7 [ 360, O SFA 4
BT 23 28 e DX IR AN 72 B R DA, SR I A 22
i k — mean FEYEFEAT RS, 15 B I 2 DR URRE
i, J 5 pLSA HEN7 ARSI R AL

pLSA 571 J% Thomas Hofmann' " $ H 1t —F
B, Z A B ) b YT SO PR A A
Niebles'""! 44 H: 1] pLSA BERIUIANE fir A

min/g, (w) : =

SIE, AT R R RCR . SR, pLSA AT
SIWERAFAE LT [ . il i A 454915 2 1Y
FIE F 8 IE 8 PE 5 A 0 A 56 M o R IR
ASCEEEARIC T R —— X A 56, HEAE VI 45
o SR TS . R SR, TR M A
2] B4R IE HE IE B Pk e A B, A SR s 7R R
pillE 38
2.1 pLSA #&5

TRBESVERLII I 2R 5 P A N A S E AR M
AMFERETE AN K A8, ShER o, 300 2, FgE
T3] w, A AR EE AN 4 PR

N

Wy

P @ eI Pvl2)

K4 pLSA [fif iRy
Fig.4 Graph model of pLSA
B NVEIN d;  E /8 2, FIRFIETA w, 7% A
HSE IR AL E SRS (d;, 2, w,) RS R
v (I
p(d;z,w;) =p(d;)p(z1d)p(w,lz,) (14)
o p(d)) ZDEII &, B SEBtEZH p(d;) =
/N, p(z,1d,) Fm /8 2, 5EERH 4 R
5K, p(w, 1 z,) FORFHIET) w, 1 IAE R 2, AR
o WL INGAL TR 2, BBV FAFREE p(w,1d))

plw, 1 d;) = ];P(zkl d)p(w; | z,) (15)

K pQuw; 1 z,) Fp(z | d) A EM B
FAR R B3R 2], HAR R &

M N
F= [T TIpCe 1 d) = (16)
i=1 j=1

P n(w, ,d,) FRIESHEIR d, FRHE w, i1
B UK

pLSA BIIZRRr | FR iAo FL A
B SR R RE R, A SC4 0 st
Tk, 0 ph VLR T 5. B A SO d, 5 % 3
PR 5319 2B BB A F R ]
B FEAE AR 1) S U , 5 302,
BRI ST M p (2,1 d) = "2 (n,,
R 2, HBUER d, (UK n, F57 B d,
FRIR) WU d, T2k SR R A T, TR
i 1 4~ walking .2 4~ jogging .0 /> running F1 2 4>



- 106 - E B B K 2% 2 il

bending SYEAL, F oA (1, 2, 0, 2) (0.2,
0.4,0.0,0.4) 132 p(2, | ) FRAK(1S),
pLSA R i EM Bk AL H AR R 8, Al 45
FROET -5 ERBBERZ5Hp (w; | 2,) o
2.2 FHEIRA

% — N ARPUNEII .., , ZH T
N, 1 5, FHTRTE T7 i S O it 25 %
A5 SRR, M R 8 i 2 s A 2 D
KBTS TT A, I P A8 R AL A 53 2 M 25 2%
BRSNS B, 1 B 2 A I 23 DO R T w =
lw,-w, | (m I d,,, 50T H A HRFERAS
RO stwJe R pLSA BRI SR T

SR H AR B 2257 > BRI X B
AR SN AT S A5 28, e B S R 1)
AN AR AN [ 1) 1T 5 57 B e it =2 )
RS SV EZRANSC R A 2 AR LT w HERZ5HY
pwl 2) o HEE— BRI, F71X4>AR AL
BT BlaEE T L, BRI ERR R G R
Wplz | dy,) o WS AT AR B R & R4

fcs iR p (wl d,,), W5 p(wl d,)

p(wld,) = ZP(ZH d.,)p(wl z,) B KLHTE,

fii FH EM 5k fi/ME KL RS A5 2SI RIR & R AL
p(z 1 d.) , BB R BI A Sh R 5

3 KEHER

SRS B R, SR AR P R
AT T INGR W, O 5 0 I pLSA IRl
S SVM 85 H fij S5 5 07 6 #4700 L 52 36, W9 > ScHe
e : KTH A2 Sl 84 PR Al Weizmann A A
SRR . PRI PR 1 B 0L 4 AN B 5 —
AEAE, X TR B A, B kT A sk
B SCHPARAR IO 23 8 s DI, A DI A
32bin B E T EIA, SEHmE, FHVC ++6. 052 3
TR IR BT & AMD2GHzZ  1G INAF1Y
I PC,{#i [l Windows XP #:/E &%t .

KTH $8f PEAL & 7S R AR S 1, B E (2
AT 5T 2 M, XSRS R 25 A AAE
PUASAN [R5 (P A0 AT AR 2 A AN R A
SAFIFTN) T AT, A B A R R ALiE 3. A%
B2 R TN &L 5 BT

S UERAS SO F AT B pLSA R KTH
Kt PRI S A 18 R0k, & e I soh S oA
B Y pLSA FHY AT S AE U S50, 55 ]
SVM U5l Sl 1 S 3 45 SR EAT X . SO R

PS5 KTH o o e st
Fig.5 Key frame of KTH database

B RARIE WP 6 (a) B AR SCHL B R 3
VETRUIIAG BE A 91. 50% |, [&] Hh i 40 F 9 4~ 3h 1
UG B FURA, D PR 2 o S5 18 s sh A AR L 3R
ST SRR BUFEAR L, B 6(b) "y fi
PSR 3 A 5324 O 28 S A DT 23 R
MRS R SVM #4730 25 S 1R R
FlE o T 6(b) A ity S 5 R R 31 BB AR LAt i 25
Yl e PP R AL A O R AN R R
ARSI , 1% 52 50 8 F SVM. 9 3 A L BIDKS B2
84.67% IR T A SCHYREAAPUNIREE 91.50% . [
i, 18 6 (a) S & 6 (b) HeBa] i, A Sl I
B pLSA BIRUER S #1401 T R g Ah, HoAt 3 4 3551
FEBEX T T SVM PRI o AR SCR A TR R
XFRIRT BESZ R W 6 (c) Pz, AU i 2R/
600 A SR F 4 o

N U SO A 3, 32 1 A
SRS HA T L S R A5 R AT XS H o Niebles
SRR E R pLSA BRI 5 81. 5% , 1% 7
EAEN G e b £ S 8 k EM Bk Al
ite Yang % 4R W 7 ik, (51 S - LDA
(91.20% ) BRI S A, ZE I G5 b 32 REURI ]
WIS, IR A B8 T Niebles SR %, 3O
fe th s FEVI Zhad A b USRI AS:, B A
PSR (91. 50% ) BT Niebles %' 45 5, If:
5 Yang % PUHBCRAR L. Nowozin 25 fi
SVM AT, UMK T30 Rk

1 KTH BEELSRILE
Tab.1 Results’ comparison of KTH database

ERTS WHIRERE (% )
AR Tk 91.50
pLSA 81.50

S - LDAM™! 91.20
SVMH 87.04

Weizmann ¥4 5 (0F — >4 5%, 34 90 4
BB, 1 9 AN AT 10 AR G B4, B LA
FF8E2 ~3s. 10 DB 5 JFa 8k R i



555 1 EOEIE, 4 LT pLSA B i A RS 1E 5 - 107 -

& 0.00 000 000 001 001
z4| 001 0.00 000 000 000
| 000 0.10 0.00  0.00
x| 000 002 004 0.00  0.00

0.02 0.00 0.00 0.05

0 0.04 0.00 0.00 0.02 0.19 0.77

& #2H  WHF  HF BE il

(a) A M pLSA hEIU 45 RIR B A,

K kS BE 2 91. 50% Bl 7  Weizmann {45 % S5 i
(a) The result confusion matrix of supervision pLSA action Fig. 7 Key frame of Weizmann database
recognition, the overall detection accuracy is 91.50% G, A SVM 347 s VE TR 5 A 25 SR 1R 16 46 14,
* = 000 000 000 000 000 000 000 000 000
0.03 0.04  0.00 0.08 0.00 FF-&#k | 0.00 000 000 000 000 000 000 000 0.00
2 JEHLBE | 000 0.00 0.00 000 000 000 000 000 000
B 740 0:00 000 k| 000 000 000 000 000 000 000 000 000
HF | o00 010 0.00 0.03 #1000 000 000 000 0.00 010 000 000 000
=T ]k | 0.00 0.00 000 000 000 000 000 000 000
0.00 0.03 0.05 0.00 0.00 BkEk [ 000 000 000 000 010 0.00 010 000 0.00
| 003 003 005 001 0.15 #[o000 000 000 000 000 000 o000 0.00 0.00
' ' ) HF4E | 000 000 000 000 000 000 000 000 0.00
bl 0.01 0.05 0.02 0.00 0.14 WF4%E [ 000 000 000 000 000 000 000 000 0.00
= %+ HE BEF 1B 5y T R oBE MO BRER O E B OWF

(a) A7 B pLSA PRI RIR A R
KR IRE L 97. 00%

(a)The result confusion matrix of supervision pLSA action

(b) SVM Zh{EPNEE R G R , KA By 84. 67%
(b) The result confusion matrix of SVM action recognition,

the overall detection accuracy is84.67% - ; )
recognition, the overall detection accuracy is97.00%

95

&5 000 000 000 000 000 000 000 000 0.00

F& Bk | 0.00 000 000 000 000 000 000 000 000

90 /‘\’_’—__0 JEHBk | 0.00 0.11 000 000 000 000 000 000 000
Pkl o000 000 o0.00 012 000 000 016 000 000

J#i|o000 000 000 000 0.00 - 000 000 0.00

85 k| 000 000 o000 000 000 EEKEM 000 007 000 000

Bk | 000 000 000 019 021 005 0.00 0.00
#1000 000 000 000 000 000 000
80

0.00 0.00
BFE]| 000 000 000 000 000 000 000 000 0.10
WFE]| 000 000 000 000 000 000 000 000

0.02

IR BIREEE %

75 L L L L I L L g }F J;ﬁﬂ'l EJE E@ ﬂ)‘”] EJEET( i $ XXEF
B T [ e (b) SVM S UM BRI AR 6 RIS )y 87. 90%
I

(b) The result confusion matrix of SVM action recognition,
() A Tl AHE A B A SO s B 0 the overall detection accuracy is 87.90%
(¢) Effects of different code number on the

100
recognition accuracy of this paper ,/'/0/0/\’
K6 KTH Hdf A U A5 95
Fig. 6 The recognition results of KTH database

90

B B 0 DB BRBE S T4 2 RT3 /
PR P LA T L R B3 20, e .
W 7 . s

SCHELE Weizmann 4R P 0 5 R USRS @ w e e
4 97.00% , SURIZE SR AR A8 () R R
W e T L0, B 7 B B, S S0 v
BIHIE 100% . BRIRSH1E 5 803 f L, A 1 (he recopnition acvurace
PURRCRAR T HoAb s, B 8 (b) ™ g fili Fi 1 4% 8 Weizmann BCHH iH 51125 5
E A3 AT S8 B ISR e S VA ) 25 Y8R AN Fig.8 The recognition results of Weizmann database

R HIREEE %




108 - [H b7 B 3k 2

il 4535 %

PG BE A 87.90% AR T A SCAf A Wi B pLSA
FOMNZNVERG BE 97.00% . [A]EsF, B &1 8 (a) 5141 8
(b) w1 Jl—‘i@ﬁﬁﬁ”kﬁ pLSA A& A BhEHR
SIKERE 34 5 T SVM R IR BE o A SCEE A R
/NRFR U#*Fﬂfumizn@ 8(c) Fim , % KF 1100
Ja XEBIRCR A K
Ryt — 2R I AS SO A R, 3R 2 R AR
SR HA Iy S A R TR . AAFR 2 T
FH, WA H TR JC W 2 2 of #2, Zhang
SESU i ] pLSA (92, 30% ) B K Liu™'® {ifi ]
LDA 53 (71% ) R0 B8CRAR T2 B 2= > 1)
Zl—‘f(%‘?f TEAR SR, Jhuang 257 (i F SVM
TONRICR FEAS SCRHOR B o T PR SCHR [ 17 1R
A SIEBRER 265 5 PR R AT 300, BIr LR RICR
98.8% , - T A SCHBNACR o

2 Weizmann ##EFE & R LR

Tab.2 Results’ comparison of Weizmann database

Bk PR EE (%)
ARSCH 97.00
pLSAL™! 92.30
LDA®] 71.00
svmH 98.8

4 it

NARENVEFUI E 2B R L — A4~
BRG], AR SO H — P L S UL [ A
VRN %, B TAE R A5

(1) FII FH B 23 2488 s R4 R A Az 3

(2) $& 2R SFA S A6 S (S B

At S A, (R 3 AN A i S A SR A
jﬂdﬂ’ﬁ SfEE, T HOG HAEHA STIP [X 57
TRz [E B e R IR B[R] 7 1) A2 Ak, A
SO AN B f A i 3N I 28 2 [ AR
B TC I S 4 17 b S IR 28 4588 1 7 245 8] B[]
Jr ) B RIE B o

(3) $EH T I F AR IS AE T LA AL )
MNRBIE , E pLSA BRI L ¥ 3280 5 Sl
B X —" MG, AT M B AR B A, SR T
Wt = RS TRY T R I B A TG I R R B R
PR,

2 2 3k ( References )

(1]

(2]

(3]

[4]

(5]

(6]

(7]

(8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

Bobick A, Davis J. The recognition of human movement using
IEEE Transactions on Pattern Analysis
23 (3):257 -267.

Monocular 3D tracking of articulated human

temporal templates[ J].
and Machine Intelligence, 2001,
Guo F, Qian G.
motion in silhouette and pose manifolds[ J].
Processing, 2008, 2008(3) .1 - 18.
Yamato J, Ohya J, Ishii K. Recognizing human action in time-
model [ C ]//
Proceedings of IEEE Computer Society Conference on Computer
1992, 379 -385.

Park S, Aggarwal J K. A hierarchical bayesian network for

Image and Video

sequential images using hidden markov

Vision and Pattern Recognition,

event recognition of human actions and interactions [ J ].
Multimedia Systems, 2004, 10(2) :164 - 179.

Dalal N,
detection [ C ]//Proceedings of IEEE Computer Society

Triggs B. Histograms of oriented gradients for human

Conference on Computer Vision and Pattern Recognition,
2005 :886 —893.

Blei D M, Ng A Y, Jordan M 1.
[J]. Machine Learning Research, 2003 (3) :993 - 1022.
Laptev I,

Latent dirichlet allocation

Lindeberg T. Space-time interest points [ C ]//

Proceedings of the Ninth IEEE International Conference on

Computer Vision, 2003 :432 —439.

Thi T H, Cheng L, Zhang J, et al. Structured learning of local

features for human action classification and localization [ J ].

Image and Vision Computing, 2012, 30(1) :1 - 14.

Harris C, Stephens M. A combined corner and edge detector

[ C]//Alvey vision conference, 1988 147 - 151.
Hofmann T. Probabilistic latent semantic indexing [ C ]//
Proceedings of the 22nd annual international ACM SIGIR
conference on Research and development in information
retrieval , 1999 .50 - 57.
Niebles J, Wang H C,
human action categories using spatial-temporal words [ J].
International Journal of Computer Vision, 2008, 79(3) : 299
-318.

Zhang 7, Tao D C. Slow feature analysis for human action

Li F F. Unsupervised learning of

recognition[ J ]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2012, 34(3) :436 —450.

Yang W, Mori G. Human Action Recognition by Semilatent
Topic Models[J].
Machine Intelligence, 2009, 31(10) :62 —74.

Nowozin S, Bakir G, Tsuda K. Discriminative Subsequence
Mining for Action Classification[ C]//Proceedings of the 11th
IEEE International Conference on Computer Vision,2007:1 —8.
Zhang ] G, Gong S G.
probabilistic latent semantic analysis [ J].
114(8) : 857 - 64.

Human action recognition

IEEE Transactions on Pattern Analysis and

Action categorization by structural
Computer Vision
and Image Understanding, 2010,
Liu P, Wang J, She M, et al.
based on 3D SIFT and LDA Model[ C]//Proceedings of IEEE
SSCI Workshop on Robotic Intelligence in Informationally
Structured Space, 2011:12 —17.

Jhuang H, Serre T, Wolf L,
system for action recognition [ C ]//Proceedings of the 11th

et al. A biologically inspired

IEEE International Conference on Computer Vision, 20071 -8.



