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Abstract: Behavior recognition is developing rapidly, and a number of behavior recognition algorithms based on deep
network automatic learning features have been proposed. The deep learning method requires a large number of data to
train, and requires higher computer storage and computing power. After a brief review of the current popular behavior
recognition method based on deep network, it focused on the traditional behavior recognition methods. Traditional be-
havior recognition methods usually followed the processes of video feature extraction, modeling of features and classifi-
cation. Following the basic process, the recognition process was overviewed according to the following steps, feature

sampling, feature descriptors, feature processing, descriptor aggregation and vector coding. At the same time, the bench-
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mark data set commonly used for evaluating the algorithm performance was also summarized.

Key words: behavior recognition, handcrafted, deep network, data set

1 3515

NAAT A PO FR A IR L Bl 2 2] 55
Jiids I BORFIAITT B 3170 Br il s AR AT
(AT o S B S AT A R B O AT 028, BT
LICRE AR JN R R N ARAT D 23 BN TG E L
FAT A FG o B R IRIAT A R SR R AL
HEAN NARIEAEZ BT S B A7 8 0
& HZ A i i a N, A

Ueis BEA: 2018-01-29; &M@ BHA: 2018-05-16

Z0 AT T A A . NRAT S AIAE 2
AT B BREE Y RIS RIR SRS A i
I Z. BT, AT RN A 2 Fe
T T TR BURFIEIN 7 i, o — Pk TR
W22 IR IE R T e 2 MOVES A KA, BT T
SN FRIURFAIE ) 7 2% RE NS AR A 75 ZE BRI L (R R L
SR, EAT 4 IR BE ) 132 TR ICRFAIE R R
il IR 42 SRR I 5 VA RENS F 82 2 s
ik, (R EREH S, AT/ A,

EEWH: HEXAREEESEIINH (No.61105042, No.61462035); YLPY4 HARRIEIEE E I H (No.20171BAB202014)
Foundation Items: The National Natural Science Foundation of China (N0.61105042, No.61462035), The Natural Science Founda-

tion of Jiangxi Province (No.20171BAB202014)

2018107-1



* 170 -

WG

¥ iR

%39 %

HAEA SR Em B, BNERET, AETIE
PR AR I U 2 3 BRI G  FUAR BE IR S A
FARFEEA L IR,

Moeslund 25 o AT Oy K 52 3R BB AARAT R
N 3 ANER: EARYE. AT HRIES) . ARG
YEFR B2 RBAE AR 2 IR ERR AR Z 8 TR
5 1) 2 A EN AR s, IR — > ] e 2 S
M Sisd); EhE &2 EEaE, X IELE
PATHIEE AT R RE . Bl lon, e BB ) iy — AN JE
KHME, HPRE—MT A, EBEHE —NUREIT
i BRERAI MU SRR — N iE 3. HURL, X
BRI21A AT AT LA R 2 26 —RERIZS)
PERIEG, 3 — 2R M2 AT A IR, At
B 2 R, R AT 4 O 770 A
2 RATERAR

Ji ZEPNAT g U (25 BRKs HE 40 R 3 A4S 1 1) L
PNZS 5l INIRSE i 3 U R AR 7 1K (e e s B
fif, FE0S AT T 458 . T Dhamsania 2512
Bz et i H bR NECT R 7 BT T 9325,
A A NAT U AN S E AT N
PHRILA K 2 AT HHS] . Candamo ZEPIISHE T 48
T8 LA e (AT DR RO ) R BN TR
il 2 NFT BRI BA S NS 9044 5 2 ) Clnfi2e
SR O SEUEIESS ) . Poppe ZSEHIATAT o AR S D 1)
A B AI R 3 K, It e T R
TR TR R 5y KIT i

A LELRR A IR T35 10— e B 2R R i)
i, Weinland 2575 0R T k42 SB35 (BT
25 R R TV, R S Ty v R T
FIRBME RIS 2 G580 AT A AT 43 58 L&
] 2 S 3RAFAT M R 7R 14773 25 - Chaudhary 2251
TARGT- AN W B i, AT T 4 ar—4t
AT HIERSEER 85 5

AT A ) A G b ARAL G A AT R IR
J7E I HE AR S e 55 d5 0 R B I 48 A5 78 5 3 1)
DX, Ao M ERIR T AR T B P BURFIE 7 ik
REEM S22 2] 57k, HE AR TR T F3h

FRAER R B0AT R 7k, 4% IRt A S A 6T
ML RBEAT T B a9, RJEAE LS E 2R
TR SRAT IR AT R AR R A ST
B AN N1

1) 3T T Bl B HURF AR R 7R 14T A TR 5 i
BT TRON RS AHMBIIUR R, JERRETr
LI I SE AT T RE AT o

2) A 2012 4 LK IR R 26 AR R
JEE 1 2% 2 ST BORAEAT g P00 o 1 S BEAT T F 5
HEA o

3) WHAT A R SR T A SRR A L S
REVEMT FRbREAT TSR 4

4) W8 TAT U A H BT AE IR S R AR
T B DL R AR R E S

2 BT FIFERITAIRAMNGE

BT F A BURFAE AT R R0 O v — e
Wk 1 RIS RE, B S AT A T R AE
SRR REASRIURFAE, 5 X REEREA T Sifih, PR
it A3 201 ) AT A, RSN
2.1 $FERMEFE

— T FERCRFIE 2 H T B SR AT
MR RURAE, AR5 R SRAFE DR R AT R A1 R 1 42
o SRFETT AT 20X P RAE . BT
SRFEFNIE T B AR50 IR R AR 55
211 AT R R RAF

FE T 2 D3 SR g 2 HE R R R 2
DRSS R D35k, AT SR AR IR (1) J7 03X
KTTVEA TG EERAT AT /T 508 S E], A
7 BN R AEAT R I N AR AT RS A IR A ERER
Laptev 25H 1450 Harris £ 250K I 7 V= Ok 47 15 2
Y, AT AR AT Harris3D 2458 s A
Harris3D Fll 7% [a) 4 15 Inf () 4 b4 BAT 2 0
AU, I 171 3 R G B G R N ) RO 5 23 ()
. B2 7 T % UCF101!M 40 e v i R i
ANENAVEI DL SRR R . Oikonomopoulos 2512
PEH T — PP T A B S AT O R AE T

[ abans | %
i Y i
Bl : )
WA e I e e ] A4
KA |—| HRF [—| BAR |—e méﬁj Ié]g e

B T Fahf U AT 0 UM

2018107-2



46 1)

B85 WBAT AR ZRIR <171 ¢

T AT AR A5 2R RORE IV R I 23 0 S T £
SHEITEIME, SR EAS Shannon J (1) Ja) AR K
E AL B A I B35 e BAE 2 b7 vk Asin 3
IR SR 28 0] ROBE 5 e ) ROBE B #5 LA f 5 A
1, ARSI L S AT R D, 1K 3
RFELT BRI 25 80 i LU, XI5 24T IR
B R, BHXIX R, Dollar 251
TR A (A A b R T e D A I TR
1) Gabor JEUE AT Cuboid Kl J7ik, HI7ikK
T H PR IR 25 4000 55 85 % 4 . Rapantzikos 25
i B IN AR e, TR L I RIS 1 e Y,
ERAST I ) 25 88 0 . J5 2K Rapantzikos 2150y
IS E B S BUOE BT IN 2 2 sk il o
T G ) 73 R A I 7 R IR D B TR AR IR
SR . Willems 25 O HKs — 4k (81457 1) Hessian
S R T R B S YA R, X RO VR
%4 Hessian [N 25 MR Uk 75, B 3D
Hessian 5 FERIAT 71 AR VAL REAT - 407 B ) il 25
o Hessian I 25 MR sk 532 LL— P ARIEA 1) 7
K, HNEEEGE R S R . X7
RE AT I BT 4R, HREEAAR I 25 260 5

jﬁ
]
o

(a) JERLA (b) Harris3D 2l 15 b
2 JERATS D SRR X L

2.1.2 AT Hhakey RAF

HBHE NRBESI I RA, &4 — &2
. Wang SR 2 Bh AR S AT sk &1 23
[l AN 1 Rl TN 0 S K 8 e o e B R SR (R D%
58 FETHULHRFE L0 0 {5 S 2% i i ok
T, WKL, IXBRFE VAL LU T GE X S
SKAE TR RAE R ) 5. AH2 RN
U AR, T LURAFEAS B 2608 255 H ALK,
STV SLHL A7 2% 0] RN S R SRk 4 W
N T ARPIEA R, SCHR[18-1914 Hi 7E A % BhaE 1)
FEml FRCE SR B4, AT ek B 2
o 0TI ERAHHLEN SR UM RE D 9, Wang
2ROV R T DR AR R S B BT s, MG RR
N T X SRR B 57, R e e 1

SIS E IR . VFZAT R T T )
H S AE SO A 5 B KR AT, AEVR S 2R T
VLR, TR B AT A R AR 1 45
R A RS
2.1.3 AT R0 KA

BT BRI IR SRR 7 R T AN
VR T A T VR, BRI AR & i s
BT RO E LS SIS B ROk R EAT
HNo KRB S0E, B
I AT NI R B S A () N AR EAT S8 AL
ARG NAR GRS AT A o 38 Ik I PR T v
BB AR A5 R L e 4, AT 1 AR AT
R R RAE . ALl 2EPR A
SLERE IR0 5 AN — A3 B (s S A Ak
(KA Mo Pl 3 il 735 B 2R3 9 NS A I A fA
5N S R LR . Yilma S5 UE R 13 AN AT
(KI5 A TAT iR o Thuang 252U YN T bR
LI 14 AN SR IA B SRR TAT A 1]
FHEIE L SEEORT b, AL T IR PP E T 0T A A
TIE 2 IA LU JR S04 E BE SR A5 S A (iR 2 . Singh
AERTUE ] 15 AN R RAE AARAT A I S,
FER PR BT AT A0 . SCHR[28-291 A H
PR 2 [ EE R 20 (0 AARAT R 24 BT
AT A5

3 9 MAFEBIER AAK 5 AT s S

2.2 FEIRTF

FEAESE I H 11 2 B 38 1) 60 1 5% A8 46t ot
AR A S o FEAR R AE B 1% 5 R AR
o Tl . iR SGRAR AAARTE ORI .
WAz SRR, ATRAFHANI . Sk B By ok
AT NABAT A o ARG, W] LU 7 T B

2018107-3



R wOf o W

%39 %

JEU T ) SR A IR ) ANARAT Ny, AR SORE AT
T IR AT L0 DA A S A 3 A R g 4 3 A Sk Ak —
AR
221 A AR A

A T Al AR R o 3 ik T kP R 1) v
P3NV BOGER  NAREATRA, W R A2 A
IR AR, BYRS R R A5 B o IXSUR 1
SRR . AR WA AR LR AU

PebliE AMRIZSh AL, ANEMZESR S RE
Ak, Bk, AR DE A RIEIZ )1 —4%
28 K. Wang 25POMR - FPOL TR 01T Ko
B, TR ARSI S a5k . X 2R T7 ik Ak
e W I NP E vl R UL LR SN F 8 SR AS
SRR FH 23 B2k 2NN 0] 20 SRARE W e e 3. %007
¥:1E UCF Sports 244 A1 MSR Action3D %#i 4 -
Y RERAT T 90%FN 90.22% I VR AR JE , BT[]
A 7

RBTRAAL, NRIIE B 5 sh R AR 1,
DIk, ST IR B AR Akt B I T R A i
Zf5 K. Jiang PR T RO AR IZ Bh A
T, OGS SR N AR L 45 4 Fi HE 12 5
IR o X v K ANAIE VR S A BN VE 1)
FEA, ARG R ST RIS ShHid 15 S A g 1 1
ATUCHL, M SEBLAAR A 73 28 . SCHR[3218e T —
FREE T AT s s ERR T, RO LB SETIAN
BASCT UL B AT, SRS s 1ok )
Al B A SR KT 7 it R Ay SR 2k
ANEIK, RZIRR e Z G TN S ER A 44
TR, M R A R, RS A
B YT TR DG s A — AR, HRECHRFAIE i 2R
XK, BEGHMICEME, TR mREA, AN
(1) TG B VEREAE 8 A B A FERRFAE 5 % 2R 2K
OV I 8 10 R G o B30 20 S0l SR O
T B 25 3R 2SN 22 0 1) g A BRI T SRR AE
KRBRATH

BYRSRIEM R AR BEE S, AR S ERS
NARIAC RS AT, B, PR,
e, AT AR AR R BY 52 A TT LU S A RIS 3 (1)
iR, Gorelick ZEP3ifi 1Y 5% 22 /0 vE Sk 42 A%
BT AE B, JER OB AT A RAE N TR 2R
Joi s SETFIARA TR IO T, AR SR S
ARIITT ) GEH L SR SRR AR (R I B 1) 1ok 3R
fEAT M o

222 FERAGRAF

S F I A A R R S I H R JR R s AT
FIR )Tk, EeE AR 7 1 HJT I (HOG,
histogram of oriented gradient). YGRS 5 W) H 7
] (HOF, histograms of oriented optical flow). IZZ]]
LS H Tl (MBH, motion of boundary history) iX
3 Tk

HOGU IR 1 2 S A4S B, 1 26 7 2k
R U A N T R ol 1 PP /S 7 o 5 e el ]
BARRS FEN Ly R I 3 e s i e Rrnl 1 N 1]
gt 177 B I HAE 4 5 1) HOG R AE R 77
H T AL RO B EAARE, e nT LG
03K L6 - 3 ) 1) S 38 T 7 PR A TR B v TR TR X[
P REAT R LG FE U — A

HOFP Rk (2 JAis s s 8, 1 5e it
BUG o BV 2 /N 723 8], K5 DAL e v R4S
TR IT W, REDCREEEE TR T
B R AEAT AR AR R ST 25 B IV ) R A2 A4k,
FHR I CTURFAE R 7 I 4 B 281k LA, 6
TITHE 1 5o s . RPEAAL A A2 8) 77 [ #R LG
U . R T AEIL I BT ) S RO AR A, ]
DA il oAy B e v 550 AR O 0045 31 1) 6 TR B LT
KIEATIA— 1.

MBH 23 (1) ZANIGE S B MBH 157
Pkt x Ay 77 1) BRI EERAE 2 SRR,
SRIFHRIUX LK FE R IR L EL T ], R MBH R#1iE
ARG x F y 7 DGR B it HOG
FHIE,  SEIUNIS SR S5 B KA
2.3 HFETV/EA SR

MR A i CFR) JES 2 R A B K i B S £ 4 AIE
I 5 75 B0 — Se A PR ORI 1k B i A
Blo ASSORE I T IARATE B R SR A b 1 b 2
TIERR A TRAL BRI, K N Tt 5 (R AT )
AR TTERR A G A BRI R . B R
s O IE B A T UL B B S, (R At
GBI, ot i HEA T 0 A 2 s $R T U M

W T B R AR5y N 2 28, — I Bk Ab
M, o RKRAEAE. R S (PCA,
principal component analysis) &~ ¥ H 1 e 1tk
B4t 7 % o PCA LR S5 1) m ARG AIE FH A H B/ 1
m YERFAEUAR, W e KA AT 22, R B AR
(1) m AN YEBE B AAH G  FAL I H IR 2 25 4 2l 2
() R AH OGBS, 2R 2 L AT PAL BR K P 3R . 491

2018107-4



46 1)

B8 WHUT IR ERE <173 -

ar, MR B B, oY B A AR R AR
H—E MR, PR 245 B2 UK, X
A AR B AGREAT B AH R AR o W LI B A a4
fi PCA Whitening f! ZCA Whitening . PCA
Whitening [ £ /E A2 & S5l 1T PCA W BREFIEZ
[B) (R AR DG 5 AR 5 1) FH i s D)~ A AR5 ik L A A (7]
[1)J5 % . ZCA Whitening A% 5t | J2 #7752
BURFAE I A0 % B ] — Ak, #4id PCA Whit-
ening & [ 2040 HH AR e [ JSOR I A 8] . 6 T A8
FRRR 25 W 2 Sk U, DRR e %) 1 AR B ) RS
FEAEARR A R, T LAASE 0 it 4 Bt ) — = ) 5%
15[ ZCA Whitening 2% [t PCA Whitening 1) 2 1
U o RN TR 22 H 3L (9 WL 2% 27 > Bk
U, P IRCRHZEA K.

Yt 5 R AE ) A A R A 0 S A AT
G, 5 G A B AR AT WA R Ak . Wiy
AL SRR R IgAL . BRI
VX R 5T 11 2 i 28 00 5 K PR LA A R0 1)
S E N N R R I SR BV RINE T
SKAFFERAT B FIEAE A 4 )R R os . F3it
e 35 2 B T AT R A ) G 5 R AR RN 2 S R
PE AP EAE A A R s I IE—
Wi 4 F: L1 A4k, L2 34k, Power
Normalization #1 Intra Normalization . 1% &
v={x1, 0 xR R N s ), U RRTE AL
S SR (I

L1 J7—1fk:

Y = al PR al (1)
la|+ x| ]

L2 H—4k:

X, X
Vip = l 5" £ 2)
2 2 2 2
\/xl ot x, \/xl ot x,

Power Normalization:
Voower = 8ign(v).* (abs(v)." @) 3)
Intra normalization:
v v ]
vIntra TR AR A TR TR (4)
hﬂz ],

KXOOT W a Ve S, Bt
0<a<1. AT vV TR & DNESEHLBE
5 ke AN T A3 A I ] )

24 BERFZE

TEXF AAREE AT 45 Ik 32 A9 B0 )RR IR S 2
Jo s B R AR SR AT SR RS B S g S 5
B A . RUARSHAE R dass F R2K07 UF K
PIERFAR G ST (Gaussian mixed model)
FK.

K SR SE RAHRAFAE 2 2 TR IR AR AL PR SRR
EHIUR I FENLIE £ K NRAIE RAE R K AN BRI A
B AL ARSI ANRFAE R B4 5 e sl 1 3
AR IR, B oe 5 G o J & A3
i, XAMIRHEANES, HBEMENRES. Em
SR ZANURIE RN K AN E A 5200 .

TR B e TSI i 1) 2 22 1 1 0 0 A R ) 45
PAE, KA

K
p(x):zﬂkN(xLukazk) Q)
=1
Hrr, N(x|,ttk,2k) KRG = AR e kAN S
o, m R R o T

K
dYm=1, 07, <I.
k=1

N

2.5 HwASAE

RSOGO FRA B ZRRAESE, SR J518
IERBAG BIRFERD A, I8 T B A R A T
SRR ) o i B g A R B A (VQ,
vector quantization). FifiiZfis (SC, sparse coding)+
B4R gmis (FV, Fisher vector) FlJEEER SRR~
15 (VLAD, vector of locally aggregated descriptor).

VQ & TR i 75, FEE
Wr: $HE—" k AR D=(d), . d;, - dy), XF
TR FERFTEE X=(x1,00 x50 %), T, X 3RoR
PSR ERS j ASRRRT, W) x 6P HL i e 25 7 AN RE
W] d PR R 2 AN UE, 1 E0, AR X
d; PR B, WA 1, A I2Y 00 8 i X f
BEEITIE, BB j AIRTTRAT T A k 4R SiY
FHsj, H s=[-+-000010000---]. FflHh, FIFRAFHE
ARHIRFTER X TP RN IA T 1) g R A IX g i
TR w5 8RBk,

SC &P E @M% T7 1%, e B IR & AT
TR E s Be Ak 28 K45 30 1) - M dse K] /i 3 4
®F ox. HE— N KMA K WA
D={d,k=1,++ K}, X THLIREHBFTEE X 150 65
s, HEAN

2018107-5



174 « WA

¥ iR o539 &

(6)

Forpr, s, #eosond ghifith R L1 IE NG ARBE, fRIE
St RECEA R -

FV 2 1 Perronnin 20 H ) K R 1452
3R IHAEER P A R, B
ANAARIAT A TR FFER X R A i — Bl
B, 28— KN K RS i o A2, A0
R TR gt REL s ] LARIR N

s =arg min”}( - DS"; + 1”5"1
s

S=[§j»"‘»§za§§a“'a§2] 7
o,
L (X
5/—1;_\/;[qi[ o j ®)
L ((r-m) )
‘5ﬁqH J 1} v
N(X;u 2.
q, = Kﬂl ( a l) (10)
>N (Xip.x))

VLAD & % 4 /R Gl —FhEs B 1 Jegou
SOV P R R U, SRR 7T I 5
SR T BB VIR I LI B K
S D, %N D={d, k=1-K)}, Hrh,
d, FRRAI kAP . R — A
MERBARSE N X, MRS HE RE s o

3 ETFREFIMITARANGE

AT R AR T v i P R S R T AR A (1)
Kik, S5FERIFERIIEAR, BT EREEM
45 5% S)RFE 7 1) 07 15 A S s s vh 1 B 2 )
FRAE o SXFP 75 B 1), AR, A 428
i,

RIS )b L TAT 9 000 B vR B ) 4% 3= AT
HFRPZ 2% (CNN, convolutional neural network)
Faf 2 2% (RNN, recurrent neural network ).
AR LS N 25 30 380G 3 EARR G5, 43 A
. L ERRIERE . AT /2 Simonyan
AEOLER A FAT RO CNN, - HeK g
EE—BEGTA, 2R HE BRI CNN RF
fiE, IR T R ITE DGR CNNREE,
B A TG . B 4 XA CNN ARG
L0,

X 71 BOAR A ST AR R R AR TRl ) R AX A
SYETHT PR G EO ) E, AHED 2R T SR I ] DGR
G AT URANSUR A e i TR A5 S B 2R,
Wang Z5EH R HE T =3 ONIN B2 o %580 78 X074
R A R I TR R — 20 40 5y, 43 ok SRS ) T
R4 SR TR o SR MR AE DG IR AR AE 73 4 A
LA RS TR AN, Rk e 8 & 2 K
% (MSDI, motion stacked difference image) ] CNN
R AE AR A 4 R I A N o fE UCF101 K&
HMDBS 1™ e BIses M, JEF =0 CNN

= — N N § 407, JH B
s=[0+(X =d,),+-,0] () g AR A BOUUR. CNNEOD7 3525 4 5 T
o 1.7%H1 1.9%.
N ’
L iy —d a2 AT — ST E R CNN FFHEFE U S0 T ok
=argmin||y —d. . . . 4311 - . "
5 il BE, 1, Gkioxari MR A4/ B 22 5]
(T — A
, =2 [RGB TR W 4%
convl convl conv3 conv4 || convs fullé full7 || softmax
TxTx96 || 7x7x256||13x3x512[ 3x3x512|[7x7x512] 4096 2048
stride 2 || stride 2 | stride 1 || stride 1 | stride 1 || dropout || dropout
norm. norm. pool 2x2
00l 2x2[[pool 2x2
U P )y s
e N 4 B
. BN B
‘ convl convl conv3 conv4 || conv5 fullé full7 | softmax
TxTx96 || 7x7x256(|3%x3x512|[ 3x3x512)|7x7=512f 4096 2048
stride 2 || stride 2 | stride 1 || stride 1 | stride 1 || dropout || dropout
norm. norm. pool 2x2
Z MG pool 2x2[lpool 2x2
N ~/

K4 W CNN TAERAE

2018107-6



46 1)

B8 WHUT IR ERE <175

FREAE, 17 2R R SE e — 0 B AR £
AR DI, AR E RS 3 X e SO AN IR X
5, I SR AR BR BT SR X A B 15 B TN
HAna FE X, FAH RCNN (region-based
convolutional network method ) X = X Jal F1 ¢ [X 43k
AT IR AR R RO o 1O VEAE S0 e
PASAL VOC Action dataset [:3K75 T 90.2%[1°F-3%)
HERM P, L R LD 7 vE ), Cheron 2518142 Y
P-CNN (pose based CNN) Jjik, %75 x4y
NIRRT 23k T, SR 0T S ARAN[) 38 73 2 Y
CNN FH1iE, FRR AN R IE R A AL R, T
FEHE B THMDBPUR1 MPII Cooking dataset* 1)
A5G A1 04,

8 U 2 I 2 2 R B 2 ST R v
BN AT I R BB A DA 2 i R 2 ) B
AN TR T IR b e . K e Az
(LSTM, long short-term memory) 27! [ RNN &%
18 RNN ()97 J, 2R Tk RNN B BEH T
W% . Niebles PR TRl il LST™M
BRI R 5 e AESCHR[55-56], it
$2 HURE CNN FI RNN 254 A2 R RO AR A (1) N ARAT
Mo SCHR[STIAE LA b R T —Fish 7R 55 I
LAY, AR S R G RD GTR Hh BR e )
REAEFNL IS ] TR IR, RIS XS AHAB I P UREAEREAT
WAk FRF Ak 45 N LSTM H G ] BAJk /i ]
FIRE R SR, fcml LSTM 7Y 22 ) (45 1E S5 41
WA 2 FRAE (STP AT IDT) £ttt SVM
73 3 (1) 73 H Rl A R B 4y R I e 2 45 1L, A
UCF101 F3RAF T 89.4%IUUNMERI S, ki
LSTM R AAER B2 T 2.4%

4 1TARMNEESITEN

KA EEN BT RIRA R E LI RAT
NN EEERE I A IR AR, XTI b s
(AT R RSB EVEAT T 40T g R
4.1 EEHEBENR

SR — AT R U SR AR 5 B AR [ — A
IR o R A ) [F) 2R S A T B, Xl T —
SN TP e . % 1PYIB T AT U
FOR R DIFEH  F I — S B e A S, s A
BRI R AT SIESR i/ DASAR 3 4R 5]
FHE. #1911 2015-2017 4E5 1 BT LLE
o, BEFEREE S AT, AEIERE IR P AL 1) S

AR INFZ W ) B B UCF101.HMDBS1 3X R R i
SIS — S SR e . IR S R B
BRI EAR AT ISR, iR AR A Re i 2
IR BT HIAERREEY . AW A5
IS N T 5 K, AT AT R U S i v
AP SRR SRS BRI s, A
B sk A AR A A2 AT S bk . I
th, HMDBS1 (R mIHMERE R, DR e A B
BIRIE T RCse A, 1 seasl, AR, BN E
SN
4.2 (THIRANEED TS R

AATTE 3 A HART LR E KTH,
HMDB51 F1UCF101 b4 #r bhise 7 — 27 AR 1
FEF T FERURFAE (1) J5 8 A S I IR B 2 ST (W
B HIER 2~ APIR, g 2~k 4 b 2
FOPEIR JUE M ONMER Bk G, T ol iuks
TR T80 1 — AN FOM,  ARME I A H L
BIsiR R R SR SRIUE P A NE & (AN DAk
ST R A B 0 R T ), I AN [ R G v
RO BT o A o, (HRARIEAEE . M
B TR EE W 288 27 S REAE 1) 51k BRAR ST TR0
HEf A, R UFERE, HEfEA TR
KEETE, B0 T B T T o B 2 s R i
Peng &5 083 Job st o R 5 BN U AT B I B
R4S, - HMDBS1 #di4E 3RS T 66.79%MH)4
SVEERS 5 Duta 5108 76 S5k S P AR AE
N E AR B T9RY, 76 UCF101 B3R T 91.5%
(U 500 A if s D IR T o R 4 g U0
UCF101 #1 HMDBS51 ##in4E FHAR 7 H #i e =il
SIEREE, 430k 96%F1 74.2% .
4.3 1THIRA P REEFFRACIEEARLEEE

HRr, 4780 R 7T AR IS T — e (it
Jig, AHIEJETHINIR 2 Pk, GV 2 mAHfg
W, 15, HEGKE M e R 2B 2 1)
PRFEARATIIG, A feik 21 Ho A b (1 U e 2
o HISEHVF 2O MR T R0 2 IR,
TS 2 A A4 5 AT ) 20 e M B R Ak B v 1 AR
SRR P2 H AT R A A R ) — N . LIk, AHEE
SETREE R AT Ny Cn L 2R, BhERSE N AT
), LA AN ARAT R B FEAR K, DAY
JHE R AR AN AR, B, FRHEAR B R U
DU T 1E 7 25 0 24 () AL A5 A T IR I R 5
BRI AR 7 il R AR I . TS 1R AR

2018107-7



<176 ¢ S e 39 4
*1 mERERBIREEE N
" &3 w3 N 2015-2017 4
Bl 4 PN ER BUREMA e R
ZHAREOE 4 BT, ale@E. ol RUERLRATEGE, LS
[58]
MU MoBo 000 25 AN BLEE 3D CMU 3 B L -5 0
ZHAR A 6 KAfE, JLiF 2391 MUSIEEA, 1 25 AN R 4 MAFIR T 58
KTH 2004 6 Fo B AR A AL S TR AR AR B ADGRAE L, AT R 492
H—, B AR T E 1
Weizmann™ 2005 10 SRR 10 EAE, [EEAMER 9 NARIIREAR . AFALAZE 2R, 5 230
AL, A A — AN NTEMENE . BORE QSRR B 575
IXMAS'®! 2006 14 AR Z MBI, B 14 K, b 11 NE RS BAIMEEE 3 K 4
HBUARTE 5 AMLE, /30N 4 Ak L E.
UCF-Sports®"! 2008 10 T2 e (R RLOR U T FE LA ESPN AT BBC, L3 10 MNMEZhEhfER 220
Hollywood1%% 2008 8 HEHR A 8 JEME, X ULFIEN 32 FE R TR 674
HR PR 12 KEE, L3 669 ML FTTHLIEHE A 69 # Hollywood Hi5%
Hollvwood2!®” 2009 . FRANICL ORI . BUATREAS AT 0 NI . 835, A LLRAMINLIZS) . Jeliiaefe. "7
v WL W REARMAKR, BRI T H R PRI, BRI T47 20 4 i Un e R
Pkt
HumanEva® 2009 6 ZHRE R I RIER A 3 AN ERAHNL 4 ANTRBEARHUABERT I, 4 MERGETR T 6 g1
AEIES
UCF-YouTube!™ 2009 1 ZHER PR E 1 ASIES, HhRIRAAAER S AR e RAR AN Sl 167
-Youluboe % I‘L;IJ;DEE
MSR Action3D®! 2010 20 HER LA 20 FENME, BT 557 MRV B 309
HMDB5 14 i~ 51 ZHIREAE 51 RME, Sl 6 849 M, WAL HORIE T HEZ LUK YouTube 390
MR, BAIEREDLEAH 101 B4
UCF1011M 2012 101 VO PR 2 R T H0E PR rh R IR i 2 —, & AIICKIR YouTube, f08 101 450
ABhEAR
UCE-50 2013 50 AR FERIRYE YouTube, “EAKIEMARIIFRZER R 23 50 ANB1ESE, A 6618 161
AT 1
. %20 ) EF 245 412 45 P B4 Klinect Il OpenNI HEZERAE SR, —364 16 4
UCF Kinect!®” 2013 16 AR ot 70
e T, HAE e BT e
%2 KTH ##EE FITARBFES LR
TREFM SOk HH s REFAY THERSG
SCHR[71] IEEE Conference on Computer Vision and Pattern Recognition 2011 94.5%
SCHR[72] IEEE Conference on Computer Vision and Pattern Recognition 2011 91.59%
ii;zﬂ SCHR[17] IEEE Conference on Computer Vision and Pattern Recognition 2011 95%
N3
RoRJrik ICHR[73] IEEE Conference on Computer Vision and Pattern Recognition 2012 98.2%
S3HT LA
CHR[23] British Machine Vision Conference 2013 95.6%
CHR[74] Multimedia Tools & Applications 2015 97.41%
SCHR[75] IEEE Transactions on Pattern Analysis & Machine Intelligence 2012 93.5%
VR M 2% CHR[76] IEEE Transactions on Pattern Analysis & Machine Intelligence 2013 90.2%
2 ) FFAIL
HoR vk SCHR[77] European Conference on Computer Vision 2014 96.6%
SCHR[78] IEEE Conference on Computer Vision and Pattern Recognition 2014 93.1%

PRy O NTTE I E 2T

ARRAT g VRO RIS 5 FRERe S 30 S5 o o
HYs WA S ADREAS . SEPRHE R UL SRS A 2 11 0

(RIS 1) K o

HERE

NARAT VR AE B S 23 oA AR KA Y 5

R RGBT SN CE . T

2018107-8



EXE Boy 2285 MBUT A BN EER <177 -
3 HMDBS51 ##E 5 1T AIRA S AR
JrERE SCHR HH B RS HERf
CHk[17] IEEE Conference on Computer Vision and Pattern Recognition 2011 46.6%
SCHR[79] European Conference on Computer Vision 2012 40.7%
£TF3h k73] IEEE Conference on Computer Vision and Pattern Recognition 2012 26.9%
- ;
;iéifg Hik[20] IEEE International Conference on Computer Vision 2013 57.2%
SrATELE:  SCHR[80] IEEE Conference on Computer Vision and Pattern Recognition 2013 33.7%
SCHR[68] European Conference on Computer Vision 2014 66.79%
SCHR[21] IEEE Conference on Computer Vision and Pattern Recognition 2015 63.7%
CHik[40] Neural Information Processing Systems 2014 59.4%
SCHR[81] IEEE International Conference on Computer Vision 2015 59.1%
P T 2 SCHR[82] IEEE Conference on Computer Vision and Pattern Recognition 2015 65.9%
EOVEEHE SCHR[83] IEEE Winter Conference on Applications of Computer Vision 2016 54.9%
BT SCHR[84] European Conference on Computer Vision 2016 70.4%
SCHR[8S] Multimedia Tools & Applications 2016 74.7%
SCHR[70] IEEE Transactions on Pattern Analysis & Machine Intelligence 2016 74.9%
x4 UCF101 3R EE LT IR FIE D LA
TRERR 3CR L R KRR THERA
SCHR[79] ICCV 2013 workshop of THUMOS'13 Action Recognition Challenge 2013 87.46%
o CHR[86] IEEE International Conference on Computer Vision 2014 73.1%
EFFH
PRI 1 HR[87] European Conference on Computer Vision 2014 87.7%
%‘é%jj % SCHR88] IEEE Conference on Computer Vision and Pattern Recognition 2015 89.1%
IS Y A
Chae SCHR[37 Computer Vision & Image Understandin 2016 87.9%
[37] p g g
HR[69] International Conference on MultiMedia Modeling 2017 91.5%
SCHR[40] Neural Information Processing Systems 2014 88%
SCHR[56] IEEE Conference on Computer Vision and Pattern Recognition 2015 88.6%
R 6 2 CHR[82] IEEE Conference on Computer Vision and Pattern Recognition 2015 91.5%
FOJRFME SCRR[83) IEEE Winter Conference on Applications of Computer Vision 2016 89.1%
HorIrik SCHR[85] Multimedia Tools & Applications 2016 91.6%
XHR[89 IEEE Conference on Computer Vision and Pattern Recognition 2017 94.6%
[89] p g
XHk[70] IEEE Transactions on Pattern Analysis & Machine Intelligence 2016 96%

S B2 R AR AT U BRE s JEHRIT TR
M ASCERTANRIWFFUEREG F, S50 75T Tahe i
AL AT P 595 A S SR 1) 22 SRR 22 9 4%
B, e T AT OO I A T 8RS, 7R
%ML%W%@T%%?I&W%@%&%%E%
VTFERITERE . He T oo s R AR (AT Oy
IRALGITE RS, DA S s U s
%ﬁﬁﬁﬁﬁwﬁ AR IESS BB 6, &

(ERE TR, SRR TR, Tk, TR
%Eﬁi%ﬁﬁﬁ%ﬁ%ﬂ%Tﬁﬁ?%%ﬁ&%
LRI AR YU ST REmIAT SE ST B
Faai ity ZEE YN GREHR K7 17 K e o

S K-

(1

(2]

B3]

(3]

2018107-9

MOESLUND T B, HILTON A, KRUGER V. A survey of advances in
vision-based human motion capture and analysis[J]. Computer Vision
& Image Understanding, 2006, 104(2):90-126.

CHENG G C, WAN Y F, SAUDAGAR AN, et al. Advances in human
action recognition: a survey[J]. Computer Science, 2015,2015(1):1-30.
JI X, LIU H. Advances in view-invariant human motion analysis: a
review[J]. IEEE Transactions on Systems Man & Cybernetics Part C,
2009, 40(1):13-24.

DHAMSANIA C J, RATANPARA T V. A survey on human action
recognition from videos[C]//Online International Conference on Green
Engineering and Technologies. 2017:1-5.

CANDAMO J, SHREVE M, GOLDGOF D B, et al. Understanding

transit scenes: a survey on human behavior recognition algorithms[J].



* 178 -

WG

2

¥ iR

%39 %

(6]

(7]

(8]

(9]

(10]

(1]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

(23]

IEEE Transactions on Intelligent Transportation Systems, 2010,
11(1):206-224.

POPPE R. A survey on vision-based human action recognition[J].
Image & Vision Computing, 2010, 28(6):976-990.

WEINLAND D, RONFARD R, BOYER E. A survey of vision-based
methods for action representation, segmentation and recognition[J].
Computer Vision & Image Understanding, 2011, 115(2):224-241.
CHAUDHARY A, RAHEJA J L, DAS K, et al. A survey on hand
gesture recognition in context of soft computing[C]/International
Conference on Computer Science and Information Technology.
2011:46-55.

LAPTEV 1. On space-time interest points[J]. International Journal of
Computer Vision, 2005, 64(2-3):107-123.

HARRIS C J. A combined corner and edge detector[J]. Proc Alvey
Vision Conf, 1988, 1988(3):147-151.

SOOMRO K, ZAMIR A R, SHAH M. UCF101: a dataset of 101
human actions classes from videos in the wild[J]. Computer Science,
2012.

OIKONOMOPOULOS A, PATRAS I, PANTIC M. Spatiotemporal
salient points for visual recognition of human actions[J]. IEEE Trans-
actions on Systems Man & Cybernetics Part B Cybernetics A Publica-
tion of the IEEE Systems Man & Cybernetics Society, 2006,
36(3):710-719.

DOLLAR P, RABAUD V, COTTRELL G, et al. Behavior recognition
via sparse spatio-temporal features[C]//IEEE International Workshop
on Visual Surveillance and Performance Evaluation of Tracking and
Surveillance. 2006:65-72.

RAPANTZIKOS K, AVRITHIS Y, KOLLIAS S. Spatiotemporal sali-
ency for event detection and representation in the 3d wavelet domain:
potential in human action recognition[C]//ACM International Confer-
ence on Image and Video Retrieval. 2007:294-301.

RAPANTZIKOS K, AVRITHIS Y, KOLLIAS S. Dense saliency-based
spatiotemporal feature points for action recognition[C]//Computer Vi-
sion and Pattern Recognition. 2009:1454-1461.

WILLEMS G, TUYTELAARS T, GOOL L. An efficient dense and
scale-invariant spatio-temporal interest point detector[C]//European
Conference on Computer Vision. 2008:650-663.

WANG H, KLASER A, SCHMID C, et al. Action recognition by
dense trajectories[C]/IEEE Conference on Computer Vision and Pat-
tern Recognition. 2011:3169-3176.

MURTHY O V R, GOECKE R. Ordered trajectories for human action
recognition with large number of classes[J]. Image & Vision Compu-
ting, 2015, 42(C):22-34.

CHO J, LEE M, CHANG H J, et al. Robust action recognition using
local motion and group sparsity[J].
47(5):1813-1825.

WANG H, SCHMID C. Action recognition with improved trajecto-
ries[C]//IEEE
2014:3551-3558.

FERNANDO B, GAVVES E, ORAMAS M J, et al. Modeling video
evolution for action recognition[C]//IEEE Conference Computer Vi-
sion and Pattern Recognition. 2015:5378-5387.

JHUANG H, SERRE T, WOLF L, et al. A biologically inspired system
for action recognition[C]//International Conference on Computer Vi-
sion. 2007: 1-8.

PENG X, QIAO Y, PENG Q, et al. Exploring motion boundary based

Pattern Recognition, 2014,

International Conference on Computer Vision.

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

2018107-10

sampling and spatial-temporal context descriptors for action recogni-
tion[C]//British Machine Vision Conference. 2013.

ALI S, BASHARAT A, SHAH M. Chaotic invariants for human action
recognition[C]//International
2007:1-8.

YILMA A, SHAH M. Recognizing human actions in videos acquired

Conference on Computer Vision.

by uncalibrated moving cameras[C]//Tenth IEEE International Con-
ference on Computer Vision. 2005:150-157.

JHUANG H, GALL J, ZUFFI S, et al. Towards understanding action
recognition[C]//IEEE International Conference on Computer Vision.
2014:3192-3199.

SINGH V K, NEVATIA R. Action recognition in cluttered dynamic
scenes using pose-specific part models[C]//International Conference
on Computer Vision. 2011:113-120.

DU Y, WANG W, WANG L. Hierarchical recurrent neural network for
skeleton based action recognition[C]//IEEE Conference on Computer
Vision and Pattern Recognition. 2015: 1110-1118.

WU D, SHAO L. Leveraging hierarchical parametric networks for
skeletal joints based action segmentation and recognition[C]//IEEE
Conference on Computer Vision and Pattern Recognition. 2014:
724-731.

WANG C, WANG Y, YUILLE A L. An approach to pose-based action
recognition[C]//IEEE Conference on Computer Vision and Pattern
Recognition. 2013:915-922.

JIANG Z, LIN Z, DAVIS L S. Recognizing human actions by learning
and matching shape-motion prototype trees[J]. IEEE Transactions on
Pattern Analysis & Machine Intelligence, 2012, 34(3):533-547.
HUANG M, SU S Z, CAI G R, et al. Meta-action descriptor for action
recognition in RGBD video[J]. 2017,
11(4):301-308.

GORELICK L, BLANK M, SHECHTMAN E, et al. Actions as
space-time shapes[J]. IEEE Transactions on Pattern Analysis & Ma-
chine Intelligence, 2007, 29(12):2247-2253.

DALAL N, TRIGGS B. Histograms of oriented gradients for human
detection[C]//Computer
2005:886-893.

DALAL N, TRIGGS B, SCHMID C. Human detection using oriented
histograms of flow and appearance[C]//European Conference on
Computer Vision. 2006: 428-441.

LAPTEV I, MARSZALEK M, SCHMID C, et al. Learning realistic
human actions from movies[C]//Computer Vision and Pattern Recog-
nition. 2008:1-8.

PENG X, WANG L, WANG X, et al. Bag of visual words and fusion
methods for action recognition: comprehensive study and good prac-
tice[J]. Vision & 2016,
150(C):109-125.

PERRONNIN F, MENSINK T. Improving the fisher kernel for
large-scale image classification[C]//European Conference on Comput-
er Vision. 2010:143-156.

JEGOU H, DOUZE M, SCHMID C, et al. Aggregating local de-
scriptors into a compact image representation[C]//Computer Vision
and Pattern Recognition. 2010:3304-3311.

SIMONYAN K, ZISSERMAN A. Two-stream convolutional networks
for action recognition in videos[J]. Neural Information Processing
Systems , 2014, 1(4):568-576.

WANG L, GE L, LI R, et al. Three-stream CNNs for action recogni-

IET Computer Vision,

Vision and  Pattern  Recognition.

Computer Image Understanding,



#6 Boy 2285 MBUT A BN EER © 179 ¢
tion[J]. Pattern Recognition Letters, 2017, 92(C):33-40. [61] RODRIGUEZ M D, AHMED J, SHAH M. Action MACH a

[42]

[43]

[44]

[45]

[46]

[47]

(48]

[49]

[50]

(51]

[52]

[53]

[54]

[55]

[56]

[57]

(58]

[59]

[60]

KUEHNE H, JHUANG H, STIEFELHAGEN R, et al. HMDBS51: a
large video database for human motion recognition[C]//IEEE Interna-
tional Conference on Computer Vision. 2011:2556-2563.

GKIOXARI G, GIRSHICK R, MALIK J. Contextual action recogni-
tion with R*CNN[J]. CoRR, 2016, 40(1):1080-1088.

GKIOXARI G, GIRSHICK R, MALIK J. Actions and attributes from
wholes and parts[C]//International Conference on Computer Vision.
2015: 2470-2478.

HOAI
tion[C]//British Machine Vision Conference. 2014:94-100.
SIMONYAN K, ZISSERMAN A. Very deep convolutional networks
for large-scale image recognition[J]. Computer Science, 2014.
OQUAB M, BOTTOU L, LAPTEV I, et al. Learning and transferring

mid-level image representations using convolutional neural net-

M. Regularized max pooling for image categoriza-

works[C]//Conference on Computer Vision and Pattern Recognition.
2014:1717-1724.

CHERON G, LAPTEV I, SCHMID C. P-CNN: pose-based CNN
features for action recognition[C]//International Conference on Com-
puter Vision. 2015:3218-3226.

ROHRBACH M, AMIN S, ANDRILUKA M, et al. A database for fine
grained activity detection of cooking activities[C]/Conference on
Computer Vision and Pattern Recognition. 2012:1194-1201.

ZHOU Y, NI B, HONG R, et al. Interaction part mining: a mid-level
approach for fine-grained action recognition[C]//IEEE Conference on
Computer Vision and Pattern Recognition. 2015:3323-3331.

ZHOU Y, NI B, YAN S, et al. Pipelining localized semantic features
for fine-grained action recognition[C]/European Conference on
Computer Vision. 2014:481-496.

GRAVES A, MOHAMED A, HINTON G. Speech recognition with
deep recurrent neural networks[C]//IEEE International Conference on
Acoustics, Speech and Signal Processing. 2013:6645-6649.
HOCHREITER S, SCHMIDHUBER J. Long short-term memory[J].
Neural Computation, 1997, 9(8):1735-1780.

NIEBLES J C, WANG H, LI F F. Unsupervised learning of human
action categories using spatial-temporal words[J]. International Journal
of Computer Vision, 2008, 79(3):299-318.

DONAHUE J, HENDRICKS L A, GUADARRAMA S, et al
Long-term recurrent convolutional networks for visual recognition and
description [C]/IEEE Conference on Computer Vision and Pattern
Recognition. 2015: 2625-2634.

NG Y H, HAUSKNECHT M, VIJAYANARASIMHAN §, et al. Be-
yond short snippets: deep networks for video classification[C]/IEEE
Conference on Vision
2015:4694-4702.

YU S, CHENG Y, XIE L, et al. A novel recurrent hybrid network for
feature fusion in action recognition[J]. Journal of Visual Communica-
tion & Image Representation, 2017, 49:192-203.

GROSS R, SHI J. The CMU motion of body (MoBo) database[J].
Monumenta Nipponica, 2001, 45(4).

SCHULDT C, LAPTEV I, CAPUTO B. Recognizing human actions: a
local SVM approach[C]//International Conference on Pattern Recogni-
tion. 2004:32-36.

WEINLAND D, RONFARD R, BOYER E. Free viewpoint action
recognition using motion history volumes[J]. Computer Vision & Im-
age Understanding, 2011, 104(2):249-257.

Computer and Pattern Recognition.

[62]

[63]

[64

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

[75]

[76]

[77]

[78]

[79]

2018107-11

spatio-temporal maximum average correlation height filter for action
recognition[C]//Conference on Computer Vision and Pattern Recogni-
tion. 2008:1-8.

MARSZALEK M, LAPTEV I, SCHMID C. Actions in con-
text[C]//Conference on Computer Vision and Pattern Recognition.
2009:2929-2936.

SIGAL L, BALAN A O, BLACK M J. HumanEva: synchronized
video and motion capture dataset and baseline algorithm for evaluation
of articulated human motion[J]. International Journal of Computer Vi-
sion, 2006, 87(1-2):4-27.

LIU J,LUO J,SHAH M. Recognizing realistic actions from videos in
the  wild[C]/Computer
2009:1996-2003.

LI W, ZHANG Z, LIU Z. Action recognition based on a bag of 3D
points[C]//Conference on Computer Vision and Pattern Recognition.
2010:9-14.

REDDY K K, SHAH M. Recognizing 50 human action categories of
web videos[J]. Machine Vision & Applications, 2013, 24(5):971-981.
ELLIS C, MASOOD S Z, TAPPEN M F, et al. Exploring the trade-off
between accuracy and observational latency in action recognition[J].
International Journal of Computer Vision, 2013, 101(3):420-436.
PENG X, ZOU C, QIAO Y, et al. Action recognition with stacked
fisher vectors[C]/European Conference
2014:581-595.

DUTA I C, LONESCU B, AIZAWA K, et al. Spatio-temporal VLAD
encoding for human action recognition in videos[C]/International
Conference on Multimedia Modeling. 2017:365-378.

BILEN H, FERNANDO B, GAVVES E, et al. Action recognition with
dynamic image networks[J]. IEEE Transactions on Pattern Analysis &
Machine Intelligence, 2017, PP(99):1.

WU X, XU D, DUAN L, et al. Action recognition using context and
appearance distribution features[C]/IEEE Conference on Computer
Vision and Pattern Recognition. 2011:489-496.

LIU J, KUIPERS B, SAVARESE S. Recognizing human actions by
attributes[C]/IEEE Conference on Computer Vision and Pattern
Recognition. 2011:3337-3344.

CORSO J J. Action bank: a high-level representation of activity in

Vision and Pattern  Recognition.

on Computer Vision.

video[C]//IEEE Conference on Computer Vision and Pattern Recogni-
tion. 2012:1234-1241.

CHEN M, GONG L, WANG T, et al. Action recognition using lie
Algebrized Gaussians over dense local spatio-temporal features[J].
Multimedia Tools & Applications, 2015, 74(6):2127-2142.

ZHANG Z, TAO D. Slow feature analysis for human action recogni-
tion[J]. IEEE Transactions on Pattern Analysis & Machine Intelligence,
2012, 34(3):436-450.

JI'S, XU W, YANG M, et al. 3D convolutional neural networks for
human action recognition[J]. IEEE Transactions on Pattern Analysis &
Machine Intelligence, 2013, 35(1):221-231.

HASAN M, ROY-CHOWDHURY A K. Continuous learning of human
activity models using deep nets[C]//European Conference on Comput-
er Vision. 2014:705-720.

SUN L, JIA K, CHAN T H, et al. DL-SFA: deeply-learned slow fea-
ture analysis for action recognition[C]//IEEE Conference on Computer
Vision and Pattern Recognition. 2014:2625-2632.

JIANG Y G, DAI Q, XUE X, et al. Trajectory-based modeling of



© 180«

WG

2,

q_’

1R

%39 %

(80]

(81]

(82]

[83]

(84]

[85]

[86]

[87]

[88]

[89]

human actions with motion reference points[C]//European Conference
on Computer Vision. 2012:425-438.

WANG L M, QIAO Y, TANG X. Motionlets: mid-level 3d parts for
human motion recognition[C]/IEEE Conference on Computer Vision
and Pattern Recognition. 2013: 2674-2681.

SUN L, JIA K, YEUNG DY, et al. Human action recognition using
factorized spatio-temporal convolutional networks[C]/IEEE Interna-
tional Conference on Computer Vision. 2015: 4597-4605.

WANG L, QIAO Y, TANG X. Action recognition with trajecto-
ry-pooled deep-convolutional descriptors[C]/IEEE Conference on
Computer Vision and Pattern Recognition. 2015: 4305-4314.

PARK E, HAN X, BERG T L, et al. Combining multiple sources of
knowledge in deep CNNs for action recognition[C]/IEEE Winter
Conference on Applications of Computer Vision. 2016:1-8.

SOUZA C R D, GAIDON A, VIG E, et al. Sympathy for the details: dense
trajectories and hybrid classification architectures for action recogni-
tion[C]/European Conference on Computer Vision. 2016:697-716.

YU S, CHENG Y, SU 8, et al. Stratified pooling based deep convolu-
tional neural networks for human action recognition[J]. Multimedia
Tools & Applications, 2017, 76(11):13367-13382.

MURTHY O V R, GOECKE R. Ordered trajectories for large scale
human action recognition[C]/IEEE International Conference on
Computer Vision. 2014:412-419.

PENG X, WANG L, QIAO Y, et al. Boosting VLAD with supervised
dictionary learning and high-order statistics[C]/European Conference
on Computer Vision. 2014:660-674.

LAN Z, LIN M, LI X, et al. Beyond gaussian pyramid: multi-skip
feature stacking for action recognition[C]/IEEE Conference on Com-
puter Vision and Pattern Recognition. 2015:204-212.
FEICHTENHOFER C, PINZ A, WILDES R P. Spatiotemporal multip

2018107-12

lier networks for video action recognition[C]/IEEE Conference on

Computer Vision and Pattern Recognition. 2017:7445-7454.

[EZEET]

FT&X (1974 , L, g EE A, 11,
TEVHBE TR 882, 4 S 0m, T 8ar
ST AN ) L AR R

Faasg (1992-) , 4, YLPHHESFHA, YLV
PR A, W55 A kAL
PSE A7 0I5

A% (1994-) , B, yCogEEMN, VLUGRE
TR A, RIS ) A R AL P
WAL o



