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A Survey on Visual Human Action Recognition
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Abstract Visual Human Action Recognition is a universal hot topic of image processing,
computer vision, pattern recognition, machine learning and artificial intelligence with wide
applications in video surveillance, video retrieval, human-computer interaction, virtual reality,
health care, etc. In this paper., we analyze the state-of-the-arts and advances of this field from
perspectives of feature extraction, action recognition methods as well as benchmark datasets and
competitions. In addition, the problems, difficulties, challenges and valuable future directions of

human action recognition are presented.
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B b BENL AR AR — S 2 R R Ay 2 A
Ut 28 ) s RO o 2R 0 B B BT E L B RE AR
Qb B R A JE B B Y 2R HE A B2 Chris
4 NUYFI A GentleBoost Sk #EATRRE £ 42 5 T
SR B HER R
3.3 ETEENAE

A3k 15 29 B (Syntactic Analysis) B9 4% AR
SR RN = K (2 L AP O R @7 SRS DN
RS VES R —E RS DS RE T3
FEH B — A G0 o0 . X 2R 07 R E JE i
XS T B AR IR E M N AR SR R OR s il — &R 5
Az SURR U IR s i 5t Sl AR B R0 Y 2o A S A #
T HKIE T AP B AY Sk 4 B B R (Parsing



2518 i "

Hl

i 2013 4F

L
¥

Techniques).

Nevatia 55 N\ 5@ LT —Fp A4 #1481 5 (Event
Recognition Language, ERL) % F /R ¥ H A &
YD el T e B (B v B A DD R
Ryoo % NV 4 A I BEL I F 3CTE 56 15 35 ok 117
A7 . Gl AL B R SCTE G T ok X AT O R
AR AN S PRI Sy 25 2R 10 22 A8 PR R AT AR I ) A8
T A PR 35 2647 . Si &8 NPT B R A R
KRR sl A = . A T8 05 2 508 i/ i ik K
JEWEN 58 —TE— D HERMELR T L ok 2 M S fERY 5 5
. X Bl 7 B AN 7 2 N AR T HAT 1 S 0 M
FHF ) TF f ek (a].

H i A gl 4 300 05 vk A 3 - Ak TR AR Y O
e GETRER G0 5 1k DA SRR TiB vk 7 k. AR
DEC Y J5 vk B T B, (B B = S R, — RO T
2 S A 1T B S A A R b s SR S T Y U 12
J& FVRT F2 00 1Y 75 4 o B T3 A A R ) R i R
I IR B R 2 I BT S8, HOX T A A
TR TR SR St ) A ) — AR SRR A SR S [R] 3 A
8 5 I AR BBEAS ] A UL A 22 1) S A B ST Y 3 R i
R 7 R R B, AR AV 1 S B 7 AR A AN A 5 Sk
T 0 7 A A TR S e 5 R £ B A AR X S 5 R

RAAE SR — BT ST R iR g5 &, X iR L
A R e, W 3.
£ 3 AEBERRT &
sl MERE FWRE KRMRS 5 EafE
4 @t B BREE G KA
BRE I I3 & e
L . ot
s 4 fic fre T kg
N L %: h i gfgﬁ
e S & T ﬁﬁjﬁ
o kBT L EEE
EFEE W epas M B e

4 BXERZERESERUEE

TREC Video Retrieval Evaluation®, TRECVID
S ARG 2% 400 488 1) AL s Dy 38 T I G v
HAR AL . N 2001 4EFF 8, BEAE 2 AT — K. A
2008 4F , A T MW A5 AT S 1 A5 I (Surveillance
Event Detection,SED) {55, F B Z 4B RE B
e EE 0 Gatwick EBRHLIZ LY 144 /NI
WURE (I 6). i THL I = 2 2% N L A

B A A 2 18] G 154 7 B AT b H = A AT 5
A A M. T A R I 4 A I T % [ s 3
TR 2 0 A AR 22 A PR N B8 R 5 1 0
SRR SR SR A RN

K 6 TRECVID SED #(#%

International Workshop on Performance Eval-
uation of Tracking and Surveillance®. PETS A
2000 475 32 [ A% B 75 A K T A IF A 1 Jm B 25 LA
K, —HELEA. {8 PETS L ITA S
P BESROMe Al AT A 5 O T T AR [ A 5 2 (B 7).

view 001 view 002 view 003 view 004
)| — = ] TH

B 7 PETS 4k

Semantic Description of Human Activities®,
SDHA 57E - H A8 A7 /R 2547 9 45 20 J 82 =X
P E BR 233 (ICPR 2010) [6] i #6547 o & — T 0F 58
NIEAT it AR W 58 38, BRSO TN E 2
S NARET . S TSR T i S SR s (i
ARG AT AU 5 25 e BB E T 3 R [H]
BB 55 - B X B — MR S S T — B B
SRR AT B () 8). X AT R B 2 —
B P AR EAT B B A AT O AT 1 PR TE.

rea Challenge

Interaction Challenge  Aerial View Challenge Wide-A

@ http: //trecvid. nist. gov/
@ http: //pets2010. net/
@ http: //cvre. ece. utexas. edu/SDHA2010/
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AH 1 [ B 5 3% AR 5 A 850 42 F A F 5% 40 1Y
R o ] B A, T B — 2 % B 2 ke xR vk i AT O
il PR A AR Bl 54T A A A0 KB P ) Ay
XF AR PR BB s g pF R B T B O EH B AR A
F A GV T — 20 S A TR ) R R 2 S
RECTLLA AT 4 2.

51 26 0E KTHY fil Weizmann'® 485 F 3 7
PR e e & R T Z BRI 5 N AT
— RGNV BEAE AN AT O T4

55 2 KT — BB R X HSL A L AL A L T 0]
HerE N B ECHE E L % 2 B Keck gesture™™ | Daily
Living'"® .PETS L) )2 TRECVID % # J& F it 2%.
PETS %4l th g SCHY “Ai 47427 L 4T 37 45 T80 1] W 4%
I FH 8 Bl A S 12255 1) B 7R 3 441

55 3 AJE L PUHTIE P A R R A L EUR S A
HUH H i S (0 B H . HOHA™ | YouTube™ |
WebVideo ™ B4 e 45 . & 1136 [ 14 45 s & BEAR ML
e AN T 7 HLIR) 28 3 4 1 28 9 0RE B ok TR A
H k.

BAKRERUEZRMNENEHEE. Ll
UCF50"" 5§ Jt UCF1019, 4 F A1 41, UCF101 J&
H 5 R s /B 46 . 4055 101 D3l fE2R0]. 2
13000 A4 A Bk,

F 4 NEFERRGEE BEEE

SR I 3
KTH http: //www. nada. kth. se/cvap/actions/ [48]

. http: //www. wisdom. weizmann, ac. il/
Weizmann ~ vision/SpaceTimeActions. html (20]
CMU http: //www. yanke. org/ [61]
HOHA http: //www. irisa. fr/vista/actions/ [50]

UCF Sports  http: //server. cs. ucf. edu/~vision/data, html ~ [62]

http: //www. umiacs. umd. edu/~ zhuolin/
Keck gest i 37
ek gesture Keckgesturedataset. html [37]

http: //users. eecs. northwestern. edu/~

MSR . . . . . 21
jyud10/index_files/actiondetection. html (21]
http: //www. cs. ucf. edu/~liujg/YouTube_ -_
YouTube Action_dataset. html [58]
Daily Living http: //www. cs. rochester. edu/~ rmessing/ [13]

uradl

http: //cvre. ece. utexas. edu/SDHA2010/
Human_Interaction. html

[39]

UT-Interaction

TRECVID  http: //trecvid. nist. gov/trecvid. data, html ~ [63]
PETS http: //pets2010. net/ [64]
VIRAT http: //www. viratdata. org/ [65]
e 0 e kg
UCF50 http: //crev. ucf. edu/data/UCF50. php [60]
UCF101 http: //crev. ucf. edu/data/UCF101. php

5 HERERSREARER
W eE 77 [

AR Sl AR U] 32 29 IR 2 R AE Y $ RO %
s BB 3 2 ST A B B B AT R T A
SR EE B TR A M B A [l W] R &
N ARSI VE U E R AE 7 e s APk R 32 2T

(D) SER 73 T E X

H AT 08 5 3 X6 Qo] SR B4 dn e 1] 43 5
VEMJZ DGR B A 45— A~ B 9 o 000 RS Bl
AT 0 2R S R ) 2 K 1 AL 00 i ik 2 1] S RS —
A AR SV HL A A 5 B 2 22 3 mT DL 4 LA B Bk
A7 LA B e oF [) Aan ] A s 5 o 0F 9 3 i — 25 I

(2) IR N A2k B 2K 1E] 42 4k

X F A — 28304 . i T AR R A A2 4k, & 9
() R » BV 2 [) — A~ A i) — A sl 7 RIAE AL
RS RN AN — R T TR A i TR ML
M) FF B BRI & Bz 3, WK 9 (b) iR, 23 3 AR
— B ah VR AN [R) e 200 LA AR A 1 28 00 25 5= 4 X LA
SE N AR B A DL RO AR Sl A A7 U0 B Ak s )
SUEME:— e B TR S 5| GBIEA
A I B 2 A B 1) 32 2l B Cln g vk, WL 9 (o). b
Wit 2 Rl R — s/ B AR K2 N B
W s — ol R 8 AR B0 A TR0 B3 0 T SR R A% 35 1 [
— PSRRI AR 1k, T Bl & ST 3G £ R TR
BN AE LA 2 0] 3 S 1 v] B Mt B 6 23 [a] 1 4 43
3G f0 s B an, % T 18 31 (Gogging) Al #d 2 (running)
X2 S AT SR AE A P AR 22 i) 2 i 2 B —
SO o XA AS 7] Bl 1 24 78 i) 100 /0N a2 sl
PR B 3 B 1 I ) — A A0

(3) BhYVERFEIRET L SR B 15 4 10 72 i)

TEE 25 5 . — 7 TSR 1 AT & 29 Bt
P A 7 s At %o G T S Y (I 9 (D)) I — T I
50 HAl N S0 G2 938 3h e 2 % s MR IR0 R
T (B 9Ce)). FRBEMOE AR L 28 5 5 BUE 5 1N
1A Bl 4 WA T8 2 0 (P 9 (). [ J& T A\ 388 g i —
FEh e TR AL A A TR I 2297, O TR 1 3
CUNE B Hy B4 At R AR AN [R] (&l 9 (g)) . x4k
BT R (15 R 2 5 SO T R LS 2R [R] 1 905 00
T Sl U R BT T AR I 2 2L X S AR AR Y
FEFE. 55 ) B R0 A3 1 5 1 Joit kAl 2 % R0 7 A R

@ http: //crev. ucf. edu/data/UCF101. php
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AR AEH PRI 2% I3 S AT B, 53X T B A A R
1 A 3hbs i T H.

B9 NS R B M S PR

M) o 41— LB 7E {55V SR VG AR b LA R B A
R PTG 5 A U RCR AR AR R T 3 4.

(4) JE 22 B AE 1Y 53 0 A I A Sl 4 1 U1

NAMRAT A AR ol — 3 R S VR A IR Sl A =2 ] 3%
LR EU Rk P R SN RS K (Vi D R NE A S O
Xof € 8 DA IR ] 35073 0 G 9 A0 A0 T R R AT A 26 T
AN BE VU ISR Hh 2K 2 18 224> sl A S AN RE € A2
FHF AR B TF UG ORI 25 . e ob  ShVE AT i
235 R SRR L I ) A9 4K L 3 ) Sl VR U Y B
=3 YA O o/

(5) BRI Z AL BE )

H T 7E Sl A U0 58 e T L3 02 i R T
TR BB AIE S AT LUR AR i B ) 2R EudE A s
fh 27 S RS Y S 500 (R B B Y 25 4 7 BN TR AT
Bt 2 S S B VR 28 1 L B 2 Y e, T e 15
A R H B A BRIz AL RE T W SRR BE A i — 2P
WAR BT S B

(6) KA YR B ds 1 AR T

N VE RSB BT Z 1 T M2 BR 37 55 v 1
SHAE AR B3 M 2% (U YouTube Dataset™*)) &l J& H,
2 (40 Holleywood Action Dataset™) d1 [ h /£ iR
s LA K B AR AT 3 55 b i AR Sl U] (i Daily
Living Dataset'™). H #ii LA $s 1 Il 25 4 2 i)
E W BHR A R, ey 3 K i 90950 35 17 bR i 2
— R A TRECVid #dfa 2. FI TN AR i 69 07

K A U AT 5 BUAR 1 23 B ] 0, AR 3l 1R
AT BB A 8 5 1) R BORT LA R 43 o G 2« R AIE 1 4
Y55 A 5 PR3 ) REUAS B

FEAE B 38 O AR SRR = O E 2, Har &
T AR SIE IR AE RN 2R B 2, 45 SRR AE L 3
AHFAE I 25 FRAE DA SR SR PR AR HLOH g — 5
TEHRAT 22 b A [ 1 2388 20, A8 a0 e, 72 R AE 52 X
AR A AR 2 1) 8 AR o A 2

(1) K2 FHAE S

NSRS E - k2 S N T P3|
187 51 vh B BB 1 IS 2 R AE 09 A ROME A 1 7 AR AR
A5 A5 B K X MR P 8 T L R 8 L XA [ 3l
ERABRGRBENX . RER - ELE,
Fean g 8O0 IR | a2 3 B0 B EE R B SE TR
(137 5 T BRGSO AN 55 1 AR OR B R FE B 58 B
SR S N PR RE 20 2R B TR I L AR B R 9 SR
TIE A4 & B S IR (B A5 30— P WE ST

(2) FROE B FRIXRE T

UL I “ A9 3R] 487 (Bag-of-Words , BoWs) e
J5 1k B AR B K G 2 L I HAE 3 4R TR 3] 430 358 B
(G 0E € S EPYN % NmIE (P | R i /I TS
TE Sl A 2ok A% o 7 23 ()R B) 1A 7R 22 S B R 24 o6
A AR 1) 4 R — A R R A R, R
BT R AR AE ) B R T 5E ST TR AR AR AR
2Z [R) B B s AR O FR L SR A ) R0 B[] 24 B DA
1 J5 2 BR8] 4488 v, B g AU 0 1) 48
MRIKBET). @AW E X 7 AT 1 2% (H
A T ifE— 25 W S AR

(3) FRAE By L3 5 P

TEVE Z R IR 1 A6 55 0 AR S — R ARRAE v fiE
TEHE—FE NAR S B 7 BRSO B3 B2
1RGO0 AS R AL R AT S PRI — T T
F 3 b A G B AR Sl AR 2 T8 % L o — 7
TH] 0 55 BEAE A S A TR Oy vk b T AR

() ANRVRHAIE 2Z 8] 1) fil

AN TR) 19 7 A AN [5) £ A0 T %k A A4 30 4 2E A7 $
I RHAIE 2Z ) H A AR 5 %) A PR S A R AR
A BB A2 il e 52 2 N A Bl VR R ] ) A ) i A S it 2
—U IR AL S R L B ) AT SR
SRS A T E— B R

T NRRAE Y A R T — 2D AT RERYFSE T
] T AR SRR A B it — A A R LY
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[B] R. Jfr LA DA T o (1] i A B 1 £ B2 L G AR 2 i 45 3
— LIRSS ) 77 18 -

(1) B HAR T s ER

TR AR S AR R AL BT X 52 BR B 5 T Can i
B R AR RE TS SRR L) R TR R R AT
RS 1 s 7k, 8 WA E B 0 T 40 T 5. ok
78 22 BRI 5 38 T 06 DR T AT H R A 3 v ) Sl AR
AT 18] 3L, 40 Daily Living 0408 N b3 Wa 4%
BAE b FCE e 9T 5% e A M 45 55 o (H Hy T IRIR R S
BB 1z 3 & A% 5 Ot BRE AR 55 5 e fif 15
%K ) AR B B B AT AR AR ME i e A e B — 2 Y
BRgE,

(2) BRI EPLU

Xf B 2 N A8 H 8 FE A 3l 19 3 4 U 1)
L 5 BB [] 5 32 28 ) 0 2y P A5 1 288 9 1
R, — Mt 2275 B B[R] AR AE 09 Rl A LA M 3l 1 1Y)
O3 2 AR A 2 IR 2 AL R AE TT LA
TIE 4 45 551 BE 3 RN X 53 6B 7 o Gk 43 J2 AR 1 AR
6] %51 43 1 ¥4 2 (divide and conquer) , — % £ 35 45 fiF
J2 I RS A SV 2 g g A5 SRR — A B
ZBNAEAS [ 2 0k A T[] kL BE A 4 3R, 45 R 18] 25 4
(Graph ModeD) & ¥ f# ifs 3 SVM (Latent-SVM)
RS FF 4y W ] T 3 1R R (FLE 22 i 0 5 AR A 19 il 5
SIAERRY ) ALl DL KR Y 1) A R i 45 RS B 52
W G T A Y AR s ().

6 ZERiIF

NARBE DU T AL Y — A~ 25
R BT I B4 I AR SRR i AR 30 1 LU
A — JBCAE R o M 1 R AR 32 BB 3 AR TR P I R de
VRS 3 AN T7 TG A 98 R A £33 Fe B BF 9 E T 1Y
SRl 1A T AT A A Sl A U5 A A 1 X
SR IE I T AR R B AE R 45 R AT B Y B 5
J7 1]

2 % x W
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Action recognition has been a hot spot issue in computer
vision field with broad applications in multiple areas in the
past a few years. Due to background clutter, camera motion,
occlusion, object scale and illumination condition changes.,
how to extract “good” features and acquire robust feature
descriptions are crucial to human action recognition. In the
literatures, existing features can be divided into four categories,
namely, (1) color, shape, texture based static features,
(2) optical flow, trajectory based dynamic features,
(3) space-time volume based spatial-temporal features, and
(4) some description based features. All these features cap-
ture different aspects of a dynamic process, i. e. , a certain
type of human action. However, none of the alorementioned
features escape suffering from some constraints or limita-
tions. Therefore, it is still a long way to go in the direction

of robust feature extraction and representation.

Another equally important problem in the human action
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recognition task is action modeling and classification.
According to this survey, there mainly are three different
approaches involved in this stage. The simplest one is static/
dynamic template matching, the basic idea of which is natural
and easy to understand, but the performance degrades heavily
in realistic scenarios. Another widely used approach is statis-
tics based methods, which try to learn the intrinsic model of
each human action type based on large numbers of training
data. Consequently, the model and computation complexity
increases exponentially with the enrichment of training data.
such as Flickr, YouTube, etc. The third type comes from
the syntactic analysis and parsing techniques. Some resear-
ches propose the event recognition language (ERL) to
describe a human action or event, and then use some grammar
analysis to recognize events. This type of method starts from
a high-level semantic view, and the accuracy depends on the
low-level processing such as segmentation. detection and
tracking.

To foster the advancement of this field, plenty of bench-
mark datasets and international competitions are published
each year. Though no universal consensus has been reached

on the definition and concepts of this problem, people are

trying to advance the research towards this direction.



