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Human Action Recognition by Visual Word Based on Local and Global Features

XIE Fei GONG Sheng-rong LIU Chun-ping JI Yi
(School of Computer Science & Technology, Soochow University, Suzhou 215006 , China)

Abstract Different from the method based on low-level features, the human action recognition based on visual word
adds mid-level semantic information to features and then improves the accuracy of recognition. For complex background
or dynamic scénes, the efficiency of visual words might deteriorate, We proposed a new method which is a combination
of local and global feature to generate visual words. Firstly, our approach uses saliency map to detect the rectangles
around human. And then inside these rectangles, 3D-SIFT will be calculated around interest points detected from dy-
namic threshold matrix to describe local features. We also added HOOF to describe the global motion information. These
visual words provide the important semantic information in the video such as brightness contrast, motion information,
etc. The performance of this method in action recognition can be improved 6. 4% on KTH dataset and 6. 5% on UCF

dataset compared with state-of-the-art methods. The experiment results also indicate that our visual dictionary has more
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advantages in both simple background and dynamic scene than others.
Keywords Visual words, Saliency map,3D-SIFT, Dynamic threshold matrix, HOOF

1 5]

MLAESR , R £ R M 7E SCAR 4 26 o B B B3 A
B 3 E 5 A0 A5 40 78 A A4 R R, T LB SR Y
AT RRBIER T —AMHERE. EAYITHESISSE,
H T RIRH R BB FSE B2 B 2145018
P 890852 B 1) BT 28 B, B AR BRI R B T AT KB
FHEH B INA T8 XAE 8, B AR b T 2o AR e B
ik, TR BRI Y 5 R IR B B L Rl IR B ARG 45
R,

Fei-fei Li % AP ot B AT U 4 3R, R 5 e it 2

i

Z# H 3 .2014-07-21  JR1E H#9.2014-08-29

B K B B B 3 AR S W3 B, DA T X R AT 43
¥, XFTEENEE, FHER RN FREMGHESER
AREAFEKEREWOE BT IRKEE S BRI
BAX4y. Jun Yang % AD# B DOG(Difference of Gaussian)
AR I B R BN, 2R E R AR PCA-
SIFT (Principal Component Analysis-Scale-Invariant Feature
Transform) FHAE1E J BMR 8990 38 B8], IX R L 06 B 1) B 4%
TR AN R AR 2, (B 2 Al DOG Kl 77 3% ik 3K
BEBEZHXNBR, ATEWBTEEZHER DK,
Laptev™™ & 554 — 4 B4R P 49 Harris £ SR0 7T E T R 2
T =425 (8], WO R B =4 Harris £ 8 0 ST Y

FXZFERARBEES BT _REHRREAEE NS HE L BRI (61170124),

ETBEHMEEEENNTGRIEEEN (61272258, BT HE¥ S Wit F 3D WE B shE T L HEMF (61301299) , ILFE =2 B & RIFT R
2 FIBHREMER B . ERAGR T R BT 0o R H M (BY2014059-14) ¥ 8 .

W %1986—), B, B4, FERRF N BB S5 IRE], E-mail: 464518013@qq. com; BAE (1966 —), 5B, 842, M LA S0, TEH
3T I S AR A 38 S5 IR B E-mail : shrgong@suda. edu. enGEAE/EE) s MEF Q971 ), &, # & AL A5, FERT T VEBRLARS
B RS, E-mail: cpliu@suda. edu. cn; T 44 (1972—) , &, BI#R , TEW R 0 0 E G4 H 5 ARG E-mail: jiyi@suda. edu. cn,

» 293 -



A2 R, BT DA SGER S RO IR A ST IR, M BDOL IR
B B RS B T R A e e iR B dA] . X AR iR AT
DRFHIARBUE MBS EBRNEHEL . BRESZIER
BN, 7R I8 S AR X 52 A HLAR A LR AR B R
ARTFREHALE. I THERMNE SREBHEWEE,
Dollar™® {& ] Gabor 1 {5 1 6 57 38 5 S #6 I 4 451 o ) 2% R
BOERBH MBS Z G, A& T Cuboids L3887, &
BT B g Rk (20 B R 1) B fok R 7R A 4 2 ) S A
A BRI 0 S Bt 4B e R B 32 3 254k, B 5 22
BASL B . Scovanner ™ # — 4k SIFT 454EY B 2 = 4,
{85 F =4k SIFT B F 4 X 00 4% /9 0 55 8381 , 3 b 20058 B2 48] T
A A R RAT AW = 4T S (5 R, A B D T B D
MERERWEW, H=4 SIFT {$EXM TEDEENERE
—E IRk, BB SEIR MR T AR A BB
#4558, Chaudhry 5 A XM E B BYEA MR &R
FEAE R A BT B IH) i B B B B, A A E R
BIAYRENZATNZREW, FEXRARLTENETR
S8, HRFERLSRFE, 2 EBRMAREHEERT
MIBHEEEE. Xia LuB ACIMERT 0 =4 Bk
S E T BT 2 R AFE , (5 Kmeans HAFERESE
AR, ZENAE T MERIN =R EX R, HEF
L EEERR, AT LA B 4T R A M RE AT, H
ERERRN =W, Shao Lingl M 1T R $F i85
5 B A BRI T AR 1 Ay B (R R1E , (56 B8 B AR G L 4 %5 ) 4%
fiE , X F7 5 7] MR AT IR B L B 1E (B R INEAT b AE
UL SR B RS RS AT HR . Ullah 8 ANV R i
T —Fg T HEN A E SR E S SRR 3, %
FEM USRS EROADT R BREENGIRSHE
ERBHFREREA. Kovashka 28 AUD2 (i F LI H 7 B AES
BETT 18] H O AR B AR E , 221X SR RRAE A BN A D68 S
FE I 4RI AE Bt B MR AE SR S5 B 2 A A B3], ph i
BIER S T B RS EE R IR E TIRM R .
R ARG B A T DR PR 45 AR R B R AE L
AHATHIRAE R X 357, ERZBE RIS — A%
fiE , AEETRIFHORAE AT BNME, REFE R LY R T AEHE
HRIGR (HRYG R E I RER LT, 4 W SRR
2EZHERGEEOTIR . BWZ SRR EE.

SEX X SRR, A SR i B E EER A KBIX
B, X X ISR BUR [F] Y BB R i B D6 AR, R 7T BERE (L
2 DI 2R S AT Y B L SR A 4 K P 4R B 9 4B
LEE. #TRZHEREE, 4558 RE SD-SIFT(3D Scale-
Invariant Feature Transform) $&4E #14 /) HOOF(Histograms
of Oriented Optical Flow)$##{E iR A 1T R, BB K4F
TEAL AT 3D-SIFT 434 B IFRIBE s Rt fd ek, 3 B
BERTEAMITAINLREHER. BREDEREM Y
FEBHERBMERF, HAGR KTH BBEMERYG
# UCF $iE4 Eooxd th3cie =B, Fril i AT iR 50
BESMGRPEHEREBRTNER.

2 RHMAWITHIABNAZ

B 1451 T AU R B A 47 IR B R SRS #  XF
+ 294 -

FiA BRI, A< SCE SE B0 B B 38 B R KA Y
KB B, WX — B X T H R AT 2 T I
2GR SR , R JE T DGE SUR B R SD-SIFT RHER 4
MBS A RIR B ERE R, BT E B K HOOF 4$4E3F 45
EFA RIS ERFHE , 2 J5 (R 24 4 B R AE 3 AL
W36 B3R, B 1 4 B R X U B AT 4T R B 3 R LUK B
A E A

R AR BIERK L2 RA
[rwmmER | [

LIt wHoor# || WRA | | A

! 1 ' %

swynw | [ ETRuER | Lowsmman | [, o0 [ 20

HRMA (o BCabord¥ Lol mamEs | | 5L ke

mEm | | wxmARM | | 3DSETRE ’ R

1 AR AWT R GESR

2.1 T GBVS #EEINRH A (A ¢ A # T

P S HRIE E Z B E RN, — Rk
HIMBEKEFETERRE, WMATRASH#AR LS. B
F 53 EE R W] DA 3 s MG op ) B 35 DX B IR B 3R
B4 32 1 0 P 3 R A o R B BB O B B X, SR e
R IAR B S, DB RO SO AT R T30, R B
HFFEEFT RN ERNME S . ZEHYNEB S E T
RIEEGAREERREN., BERESHENEZNITEE
RE KON URBBRIT R R G RN A, B IHGE MR EBA
M E A 5 — AR (Al . H LB T IR AR A
7 55 W R P B — i R (R R AR U= B B KA, 388 K vk
NZEE SRR SRR R LR E s, A SR
T B B AR P R R X — (R AR
2.1.1 A F GBVSHEA & 2 F AN

AR R R IE A R — R ERIT R ESE
R, ARGEXT B E R SCER T R B T HERE LB T Y
GBVSH R, A TWIF GBVS BHEIMIHE, B 2 4 H T JL#
BEHERN B EEX LERMN— . EREFENITE
AR, ERERSENEINEER, B2 NERX S
AUERLARMFEN TFEROEZESAHEAE. B 22
—HE AT P — I E R, BRI P, BRE R
BRI o B A B SR AR S TS 5T B4R B TR L T
FLOHRGEEAESR, B2 RETHAENEEE
RSN R, BARZER A IAEE B EFREYER.E
RAEFTHUEBHETFTAAT —FEREE, XERHEFH—
AR EARAS RN R B RV BUR, B R T X .
B 2(c) 2 PQFT MAIMIEE SR, R B R A B L &
B B AR 4> 8B 1 B3 X, K e A 8 B AR K AR, 3F
BEEFEXEMAYREMNBEELEAL, B 2(DE It
R B E WA NG R, 2R EE g Bt R AT E
BTFHh™E, B 2(e)2 GBVS BEXITEMNER. ATUE
2 ERETHAYMNERTENNEETEHES TER
X, B2HREAE 2(e) mHRE BB HEERL M
KRB A RB X, M HHAMBEETE, KENLR A
ik, GBVS RIS fE R R M A HT & B AR BRI R
B, AETWA YN B LA ENERTE. B






ELWP,AXERAREARE 2X2X2 MEEITE
SIFT ##4E , Xt T8 BEJ5 e » (6 A 20 ME=AM g —
AMEZTEE. A TREFENER, BB HERNEZAE
B4R 4 AE A AR — A EA T EE, BB
BYNEZAB L AR E T BESETENEN TR
bin, A BRIEEE R 2X2X2X20X4=640 4,

2.2.2 HOOF # 4=

X SIFT R4 F 7 — R, D ik i s
E {5 B ARBEE &AL H 3k, 3F B SIFT $§:1F 2 —# R #R4S1E
FTEFRGEDEGRNE R, TEHAE AT LR i ff iz 5
EEMRME, HEREEEAXBAABENLRERLTERE
BHIBARE R, AR ZH RS ZNE, i ERtRE S E
(HOOP)S S E k£ AN s {58 . R —— il
B LA E B, W MBI sl S b RS R R R, Bl
PIEDD R MR 0 2 R R 4E . X RE L AT LA SR #b SIFT $#4EM)
FRERE.

2.2.3 HAE@Eb

AT B B S G 3D-SIFT 454 R 2488 5 BT X 17
FIAR T B84 LA HOOF 4R #E—& H B MER NG
WRHEM S RAEME S & . M FEB—A &S, BT
A AT AR 32 B — 1 640 48K 3SD-SIFT $F1E (15 2255
zoao ) o (BRI 4R 23 FTFEWIAY 2 )R HOOF $F1E 4 (315 32 5000
o) s Hd e REF B bin EH., B HARESHEE R
BRI —DNHRFIE (s, Toro s V1 s Y2 0 3 o TEJESEHY
BRE RN REL R, B ¢ HEHBREPLEM
el HOOF #$4F . B, 4308 A HEFE4FAE A& B I AAR
AR WML A% B 7 E &) bin B3R E & REFTEER
AEHIER AT R ELER .

T ERNE KRBT R , R 3D-SIFT R4 7T AR 4T
ARG W TR AT AT, WF EE SR 3
HOOF $#4E , AL I ot # o AR SCR-& BUARME LA 3D-SIFT
FHEN £, HOOF #HENSH. AHITERIREEE XM, ¢
HIETE 120~200 B A LIS BB IR MERR R, A0 =
150 FFHITEIR .

2.3 EEREMURRAER

RO B R LB AT — R R RO, B A
FA T RHAE (5] B SRAG 1) R (AR . HE SRR A R RS TR 2K )
RBEAL B R B 4 1, B — R A RAERE. 5%
BRHREFTFEHARET . B EYREE R EEST AR
HATBE, MR LT Sext Sum# TR, 118 BRI 848
RLBE SR , SR J 308 2o 4 DL B A P AR B R M R T S B R R
IR E R &, AR R X RERMEEHTRE. T
BB T 2T E RS R RE, Btk AR BIE Z A
LB R R RO AT , M E R BB AU N 4ERR G 23 J8] 2 4 )
B, MHTF Kmeans $EHGRBLEE GERES TLUHE
RERUS AT BE AN . SCik(2007E TDT2 BB 4 L3 &
PR M T R, I LSRR LA RET
WHER TR REE L, FERRALTE S, 56 48X Bz 3C

+ 296 .

A< kb2 ch i B3R , AR B T30 FE R A RER BT E ER A
F I A USRS R IR W RE T .

EREHAERBNT A —THEEE X, X,
ESHLUESERE S, B S; B X, M1 X, ZEIGHEMME. JF
H— b B R HREREE X8 L=D—S, K D B—A-X A
I, D=3,

Stepl HEAMMMEIER SER;

Step2 THEIRIA— LR EHIHTERE Ls

Step3 B L SEFEMRTE NFIERIE w1 s

Stepd ME—HEMUER™ , HPE—FIR—IHE

Step5 i ] Kmeans JIH IR U #HITREHHE,
BEREF O,

TESEH vh , 24 U P B G BE B R o B AR DL AU AR o SR
PR AR UM AE R » i B T AR IR R4S IE AT RS . 1
RPN B, ERENGER P B RBEPOME
SRR, A AR AT 4 B R AR SR I i R A, 3
B R TR R AR, Z BB E— RS REE S I
ot BB PR REPLOIITHE, EBEE R REOE
AR S IR R R , B 5 BRI SR 09 43 A8 R xof
W AT T 532K

3 EBHBERSHW

BE AR HS ARRLBE AR, A SO R R SR 5 BB KTH 3
WEME ey & 09 UCF B ERAFTIHEL. MNE 3 fiE 4
A AE S KTH S SR REFE - FHEREAR
KR HEE, M UCF SRR FERBNE RS ER.

3.1 BMERIESE

BALIXT T AR EHT T 02K, 252N
KTH $#54 U & UCF $#gE HHh g 6 MEFAREND
TE£.

KTH ¥ 32 £ 1% boxing. handclapping. handwaving.
jogging . running 1 walking JL~8h1E, 85 25 ™ AT 4 F4
BT B3R 100 M85, 2531 600 LS.

M\ UCF ¥ 5 ik i ) 6 #rzhE 2> 514 : diving. horse
riding . lifting, swing bench,swing sideangle i tennis, HH Bk
KA D A A E R, FEMEI N AT R, MRS AT
AR ZERE FEBOK. BD B RAMNRE L MER S
TRE NPt R,

3.2 RHERITW

AL, A AF A GBVS B M E R
EHEG, 2 BERARBAE KN T BEAYR KB E. 7
FHRES A GBS AT W A ScEk(e 1 E R S HEUE 5 KR E
BNLEBANRESEEUE, KL o=2,r=4 ARERXRIH
A2 PHR AR TEAE AR RMELAE PRI, A SO T A RS 4 %
BERBMEHEERFEHSRNBRE, BEREN 6~
e % e =10"% e =107%, SR/ N BEE T E 3D-SIFT
A1 HOOF $FAE SR 72 37 i 25 BALiA] . % Ji5 ¥ i 2 B ) i PR i 2R
KM EHTREMBETA,






RAHT, —H1B 2 23 T MHER R S BIAAER7E 1500 1

WA DURIG BB 45 R .
0% =
o e ®
090 ~ &ed
* “54
e
R 080 ~
75 - ~-&-- KTH
—&— UCF
070 T T T T T T
0 500 1000 1500 2000 2500 3000 3500

EAK
&5 78 KTH #1 UCF k8% 7 B ZRAG &0

GRIE ASCRE T —METRENEBIFEM A=
HEABT IR . AR TH LT IRRER KA Y
Fro RGBT i A SCIR T — R BRI 4R A BT I i RIAR
HILSE A% IR B 2 R FUR S W 05 |, £ R #R A 3D-SIFT
FROESR BT 0 T R AR B, T E 2R U B F HOOF 4%
TERAARTT N 2553 15 8. XA AL AL B 7 B B
MRV ORI AR AN, It B TS e RIE A
. TERBOSBAMERET . A 3GELF B EHERER
HEAY KRB, 2 f5 7 XK 5 A M B (] 6 9 (LA
SRS R DX R D R AR I R 0, SR TR AR I Y
MR TR T /RS R RIERE 1. LRSI L
R AR T LA TIRR M AT R PRI, A S0
AT BRI 7E fa] BRI 2R S 25 R b B BB B R IR SIAE
E.

2 F x|

[11 Hofmann T. Probabilistic latent semantic indexing [C]/ ACM
SIGIR Conference on Research and Development in Information
Retrieval. 1999.50-57

[2] Blei D M. Probabilistic models of text and images[ DJ. Califor-
nia: University of California, 2004

[3] Li Feifei,Perona P, A bayesian hierarchical model for learning
natural scene categories [C]// 2005 IEEE Computer Vision and
Pattern Recognition, 2005;524-531

[4] Yang], Jiang Y G, Hauptmann A G, et al. Evaluating bag-of-
visual-words representations in scene classification [C] // Inter-
national Workshop on Multimedia Information Retrieval. 2007 ;
197-206

[5] Laptev L. On space-time interest points [ J]. International Jour-
nal of Computer Vision, 2005,64(2/3).:107-123

[6] Dollar P, Rabaud V, Cottrell G, et al. Behavior recognition via
sparse spatio-temporal features [ C]// 2nd Joint IEEE Interna-
tional Workshop on Visual Surveillance and Performance Evalua-
tion of Tracking and Surveillance, 2005:65-72

[7] Scovanner P, Ali S,Shah M. A 3-dimensional sift descriptor and
its application to action recognition [ C] // Proceedings of the
15th International Conference on Multimedia. 2007 : 357-360

[8] Chaudhry R, Ravichandran A, Hager G, et al. Histograms of orien-
ted optical flow and binet-cauchy kernels on nonlinear dynamical
systems for the recognition of human actions [C] // IEEE Con-
ference on Computer Vision and Pattern Recognition. 2009:
1932-1939

+ 298 -

[9] Xia L,Chen C C, Aggarwal J K. View invariant human action
recognition using histograms of 3d joints [C] // 2012 IEEE
Computer Society Conference on Computer Vision and Pattern
Recognition Workshops, 2012;20-27

[10] Shao L,Ji L, Liu Y, et al. Human action segmentation and recog-
nition via motion and shape analysis[ J]. Pattern Recognition
Letters,2012,33(4) :438-445

[11] Ullah M M, Laptev 1. Actlets; A novel local representation for
human action recognition in video [C]//2012 19th IEEE Inter-
national Conference on Image Processing. 2012.:777-780

[12] Kovashka A,Grauman K. Learning a hierarchy of discriminative
space-time neighborhood features for human action recognition
[C1// 2013 IEEE Conference on Computer Vision and Pattern
Recognition. 2010;2046-2053

[13] Harel, Jonathan, KochC, et al. Graph-based visual saliency [C]//
Proceedings of the 20th Annual Conference on in Neural Infor-
mation Processing Systems. 2006:1523-1527

[14] Von Luxburg U. A tutorial on spectral clustering [J]. Statistics
and Computing, 2007,17(4) ;:395-416

[15] Hou X,Zhang L. Saliency detection: a spectral residual approach
[C1// 2007 IEEE Conference on Computer Vision and Pattern
Recognition. 2007:1-8

[16] GuoC, Zhang L. A novel multiresolution spatiotemporal saliency
detection model and its applications in image and video compres-
sion [J]. IEEE Transactions on Image Processing,2010,19(1)
185-198

[17] Itti L,Koch C,Niebur E. A model of saliency-based visual atten-
tion for rapid scene analysis [J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence,1998,20(11):1254-1259

[18] Lowe D G. Distinctive image features from scale-invariant key-
points [ J]. International Journal of Computer Vision, 2004, 60
(2):91-110

[19] Efros A A,Berg A C,Mori G, et al. Recognizing action at a dis-
tance[ C]// 9th IEEE International Conference on Computer Vi-
sion, 2003:726-733

[20] Cai D, He X, Han J. Document clustering using locality preser-
ving indexing[ J]. IEEE Transactions on Knowledge and Data
Engineering, 2005,17(12) ;1624-1637

[21] Ke Y,Sukthankar R, Hebert M. Spatio-temporal shape and flow
correlation for action recognition [ C] // IEEE Conference on
Computer Vision and Pattern Recognition, 2007:1-8

[22] Niebles ] C, Wang H, Li Fei-fei. Unsupervised learning of hu-
man action categories using spatial-temporal words [J]. Interna-
tional Journal of Computer Vision, 2008,79(3):299-318

[23] Willems G, Tuytelaars T, Van Gool L. An efficient dense and
scale-invariant spatio-temporal interest point detector [ M] //
Computer Vision-ECCV 2008, Springer Berlin Heidelberg,
2008,650-663

[24] Guha T,Ward R K. Learning sparse representations for human
action recognition[ J]. IEEE Transactions on Pattern Analysis
and Machine Intelligence 2012,34(8),1576-1588

[25] Baysal S,Duygulu P. A line based pose representation for human
action recognition[ ] ]. Signal Processing; Image Communication ,
2013,28(5):458-471



