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Abstract: Action recognition is one crucial and very challenging task in computer vision. Most of the existing methods use the temporal
structure of the whole video and ignore its temporal noise and ambiguity feature, which leads to failure in action recognition. To address
this problem, a novel temporal graph model is proposed with Grenander inference, namely, TGM-GI. First, a 3D CNN+ LSTM module is
constructed to learn deep features, in which 3D CNN extracts the dynamic feature of video clips and LSTM optimizes the time

dependence between features of two clips. Second, a temporal graph model is constructed with these deep features which use the generator

« FEEINH : FEZKE SRR (2017YFB1002203); K HARRLEFE S (61503111); LH#IA FARFHFAIE S (1808085MF168); H U i 1 3
AR 25 36 30 %5 42 (PA2020GDSK0059)
WA IR ] : 2020-05-08; 45 SR ] 2020-06-27, 2020-09-16; ] I ] : 2020-11-02

© TEBREEEEIEDT  htp/ www. jos. org. cn


mailto:xiezhao@hfut.edu.cn
http://www.jos.org.cn/1000-9825/6202.htm
http://www.jos.org.cn/1000-9825/6202.htm
mailto:xiezhao@hfut.edu.cn
http://www.jos.org.cn/1000-9825/6202.htm
http://www.jos.org.cn/1000-9825/6202.htm
mailto:jos@iscas.ac.cn
https://doi.org/10.13328/j.cnki.jos.006202
http://www.jos.org.cn

1866 HAFFIR 2022 5% 33 5% 5 A

space of Grenander theory. The original temporal pattern is modified using two operations, in which combination operation can remove
redundancy clips like slow motion and denoise operation can remove low-frequency clips like abnormal motion. Third, an incremental
Viterbi algorithm is proposed for temporal pattern learning with Grenander inference, in which a Grenander measure is designed with both
feature bond and semantic bond. Finally, the dynamic time warping is used to match the Grenander temporal pattern of test video with the
Grenander temporal pattern of the training set and the label of the test video is predicted. The experimental results show that the proposed
TGM-GI outperforms the state-of-the-art methods on two acknowledge databases. The TGM-GI is superior to the baseline method of 3D
CNN-LSTM, and its accuracy improves 6.41% on the UCF101 dataset and 5.67% on the Olympic Sports dataset respectively.

Key words: action recognition; temporal pattern; Grenander’s temporal graph model; deep model; dynamic time warping
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VR 24 ST AR g 2 4 2R ) . FEWEST 5 ) 2 — R R4 I 4% (convolutional neural network,
CNN) K2 A7 N MR R ik, B S 3 2587, 2D CNN H Tk RGB RS (1) i A4S HE, AU CNN 7E
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CNN FUZAKEAE 1 13D B8 PRI 3D CNN £ A48 A ™, CL 22 ple o B 1A 3800, 345 7 4056 AT b U3
e R 2 10 55— NS Tl 2 A ZE I 4% (recurrent neural network, RNN), FL B AC K & LSTM il i #4 24T
Oy (TR T 4 g, DA ROt/ B P 238 B 1 B S AR P A7 (0 K R 74, R kT e £ T )3 250 £
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DA 1) 558 3 ) PSSR 59 ) (7548 R T TG AE, R0 M AR 52 287 ok B ) B, AT e (1 ek T g 75 475 B,
HE TP T R T T LR (R IR 1) S50 8 SCHIIRT. (3) BRAT ¥) MCMC BEADR K 7 i1, ZE 48 ZRIN ] 45 4 (g it
(BB A BERR v, ‘23 Grenander SEIRARMEMR 1 2247 0 2000 22 I8 TB) 15 SOIRER BTG SCHESRAT 45

R TR LR ), A SORAT 2 PO 55 4% 43 DR e TR ASE 2 A% S R0 I TR B ST T PR AN AR 5%, $2 T —Fil
Grenander #EFEALAL T i [0] F A Y (temporal graph model with Grenander inference, TGM-GI), 3K SZEIAT Ay A 1S [|] 45
a2 SJRAT A VR 5% . AR SCR FH e ] R 2 ST I TS 2 =, e JHE v 7y ek ] ) 5 R A A ] R, s SCh—Fp—
B BERE A ZE S 1 BB, ASCBETE T 56T 3D CNN-LSTM # R Sz U iR P AR 0 3R B . 7E 58 2 AN B, A S0
Grenander B IR T, Wil 3 ASFIIHKAR IAT g I TR X 32 ST AT 04 . e T4, 5 SUA5 JE il
FESRAG AT RE AT A I TR St b, AR SORHH T3 25 I 1R R (R A QT JC 792, B 4 58 AT AR BIMT 4% AT
F TR

(1) A= 38 YOI 1) B R4 . Grenander B0 ERE AT I 5 R 0AL, 2 H—Fh Grenander #EXLAL T I [a] [&]
BT AZ AR IREAT Ay AR T 55 v R If T P ASE 200 ) ) S R D A ) A, 8 SOOh — T o BB TRY. FE 6 1 B B, Akt
T 4T 3D CNN-LSTM # 8! SEILIR BERFAESEHT. 7R3 2 BB, A3t T Grenander LIS A9 @I 17 BB EY, JF
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SRR A () I 2B 00 CNIN B I 5 I AR I, Skt aiia SR AE SR AE ) U1, Zhu 258 AU YO0 R 48T
AR USRIE B ST, FR3EH T —Fh BEOSUAE M 4%, BR800 4% R B s b 2 ) DS IR U 1E. 55—
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JeVE. Ng 2 A\ PIF9E T LSTM (IR T A0 25 A B . Li 258 N Pt T Bl & 38 sk /7 (1 LSTM B, O T
- XA T g e AR R 475 1B IR ) A, CNIN-LSTM 5 ¥k L& 32 BURT 9T 5 1032 69k, Herp Ullah 28 A P4gH 2D
CNN 1E% LSTM [fi# NEFE, Ouyang 25 A P72 & 3D CNN 5 LSTM 454, Song 25 A P¥HE— BB fE % HE S T,
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Grenander I [ CHEBE, A — ol s ()RS ) 2 P 5 K Ao R A B 5 B0 I [ o1 AT ] e ek 1 5 1, D
SEAR IR A IS TR ) s 0 DGR, B S SRR A IR TR ASE 2 TR UR D 3R, DA 2.8 5 oy R A i L0 /-
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Grenander #fE#E, 75 ZETE I (AR (RIR 2575 18] vh 98 2% 21 5 B 2 1 Bl bR, R, %I RIS A n /NN [R]
A, AR S K ANIRAS, 58— IR T2 O(K™) . K MCMC Jy i3 B AR BEEE 0 — 52 1) S 3 de A0 it il A,
B A 22 1R I ) 4 2 P A L A s [9]. PRI, AR SEAE Viterbi 5295357 ™) 44 Grenander HERIRE N — A 2 B vk
SRR, BT T M E IR R Viterbi SEVE MR UHESL L AE AN A AARC. X B R, B R B Rk A
TR R A IS TR TR e L 00, DRI, T DAl o o (00 T 4 45 W k2D 4 2= 2 .
4(a) 51T Grenander FIIGEHER T, HEFEMES 1 AT sOTT U A I TRIAR it [, %585 2 AN s 1 B
AR ATE ) (B K L8R8 ))), 13T Grenander I B € S LHTEE T 4544 (B FE B 2827l ), Bt i 1K
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PR 1E 7 458 11 Grenander W&, SRAF LMW IR, JF i & 58 K Grenander #EH. HyE 1 Pt — DGR T
Grenander I [ARECHESL KN (A1 34 & Viterbi 5%, BT 5 E0E J) n AR &, SN0 0508 g K AVIRES, %A
FRY IR ) B 2% B 0] LA 2 O(K - ).

B1 o B2 B3 B4 BS  BL Bl B2 B3 B4 O BSs o BL
RE 1 &—€ 9 (] [ [ J K& 1 0—\ [ ] [ ) [ ] [
RE2 @ 9 o - 0 RE&E2 € L ] o [} e - 0
RE3 0 (] 2 o RE3 @ o ° ° ° o
: : : : s
REKO® o ° o REK® L o
(a) Grenander I} 7] A5 5 1) 18 B 1 (b) Grenander I [ A% 2 1) et 3

&l 4  Grenander B [EJRR (138 &4 B AN fp L ok

& 3% 1. Grenander I AR X HEFE (K 18 5 Viterbi 5075,

F N I AV L, I TRV 0 R 2 (RN AR AR L ERE B o , 8 BB HERE o, 17 RURASEE K
i Hi: Grenander H[RJFR L 2.

1 for k' =1:K // WPIHE AT ERE

2 = = or (k") /) MRS — AN RS

3 Egar=' =0 /] HIHAL AN R g

4 for r=2: L // LA ()38 5 75 X, A5 i 4K 15 mUReRas

5 for k' =1: K // I3 Ja 4k m RS

6 estan=k' = o (k) 1/ SRAFHTYR AT 2R A

7 Erek (k1) = —log oy (K~ k")p(hioy 81-1)pg (i 1) 1 VLI BT Grenander Il
8 end

9 k' = argmin ES4"=' (k") /] 58 JE 4R RIPIRAS

10 et =kt = o (k) /) ST AR AR S

1 cgar (= 1) = eyt /) R R T

12 Egar=k' = pyrar=kl . psrar=k /) o 3 1k S A1 il R
13 end

14 end

15 k% = argmin E54" // i€ Grenander I A3

16 cinter = c(‘)"l’":fu // 3% Grenander I A F5

A A HEBR AT ] T 3 ASBE b, e g i B FA8AT A U4 . i T3, R R, anfsl 5
Fos. B 56, i K-means J77%38%3 Grenander 2B 7% 75 18], AFRIC W 4G I A (B 5(a)); B 5, X AH E ARt
ATE I, AL BRICAR BT AL (B 5(b)); SR 1R B TR TG AT 0 07, B /5 4k 1Y A, Sk A3 LR R 1
IR (K] 5(c)); e)a, R EIE R Grenander #ERE, & 1F H A (198 X ARIE, 3873 Grenander W] (K] 5(d)).
[Ktt, Grenander I [AIFE S, XHBAT HTUA TR T, UG B A BT 1S, % 50 07 s R i (R A, H
TR A RIAT R 285,

3.3 BfEMRA LA
AR FEI N ZR 5 h - MUA Grenander I TS, #4 @A T 24 2800 BOASEAR . 20 A% v, B0 RaCA A i)
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Grenander IN [R5 255 I 25 3RAT AOREAR T+ S UL PCARURE,, K5 fe AR ABLE (K200 4 DA T 1047 00 BATTR I 3
AN TR 742 B4, A U S SR Y R AR ABLRE , & R A i 76 A VI TR UC IR, AT B 08 DL S K JEE A
[ PR A P, A — 2D A 3 m] A AE O A T3

(a) WIUAIT AIAER

(b) EERITCAR KN E) A

K5 % T Grenander HEH I TR0 2% ) i fet

4 X I
4.1 HIBEE

TRATTAE T WIS A IRAT A YR B ZEBEA T U8 AIE. UCF 101 $¥m FE % 101 N850, 13320 AN, FF2Rh1E =
AL 100 MR IR AR AL A A B IR I ARSI, FATR SR AL 75% PR
Tk, 25% P T3, Olympic Sports 3045 4E, 4 IE 16 KT BIAE, 60, B, AT Bk, 2hutss, 3t 783 4
WA AT 649 MSRSUEAT IS, 134 AP TR,

4.2 SCIRIRTS

A SCIAAE 3D CNN-LSTM #bk, %A PyTorch SZHL. Hovh, Yes R H TVL1™ 5 :3k45. 3D CNN R H
C3D M5 ZEH, F1K H FC6 1) 4096 4EFFFHAZE] LSTM. LSTM %M 3 MR 2 LSTM BB, 44N K 2 fr i o 4
JEAE 512 4, K 16 ANBT ) . VR BE I 45450 2% s BCR T 22 R TE X, SEUAAE T Adam J53%, Joh 2% 3] ik
BN 107, BUEIERN 0.0005. fLALFE AN A 256, INZREARRECH 50. 256 75 B4 1F 4 2 Bk Nvidia GeForce GTX
1080 ZF.

43 FhEE

AR SO T34 40 FE AR AR AT A U AR, B IE A2 A R 55 A R A A 1 LA
4.4 TEEXLE

A SCIOR L S 4 25, (1) T DAY, A5 IDT BRAE 5317, 38 5 E MIRAE 7 ik U, A ik U2, 4
AEHES J735 1) (2) CNN BEAY, 4045 13D R2% B R(2+1)D 45 M, 3 CNNL Bt 2 1O, 3D pigg S, a4
T CNNUL UL 3Dnet!™, 4 IS )47 B R B frg 1 48 TSMP*, fil £ SRR ¢ 22 1K /9 4% ARTNet™!, I i) 43 B 190 4%
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TSN (3) RNN #2, LSTM B B, CNN-LSTM 74 P07 (4) 7Y, HMM™, ZERALIN ] 1) HMM™. ]I,
PAPREA LR TR 3D CNN-LSTM 1R A SCIIAE T 2%, 3 1 M1 2 400 5UBR T AN SCJ7vAEAE UCF 101 I Olympic

Sports _E[FISCH 45 R, BEWIAS SO VA RERE BT A0 Ly i

AT 5IMAT J74E UCF101 _ERSEI A 2K IER%E

Jrikarak L7 2 FEAR L IEHI# (%)
. Wanf [10] (2013) IDT, SVM 86.40
Lan®§ A\[13] (2015) MIFS, SVM 88.60
Tran%: \[18] (2015) C3D 85.20
Ouyang? \[37] (2019) C3D+2 layer LSTM 88.90
Song%: \[38] (2018) 2D ResNet+3D ResNet+2 layer LSTM 91.10
RIE 2% 2] (RGB) Ullah%% A\ [36] (2018) AlexNet + Bidirection 2 layer-LSTM 91.21
ZolfaghariZ \[25] (2018) BN-Inception, 3D-ResNet18 94.80
Carreira® A\ [3] (2017) 13D 95.60
Lin%E A\ [24] (2019) ResNet50 95.90
SRS (L) Dibaj‘%@}\[%] (2016) C3D 90.20
Zhu 25N [16] (2018) 13D 97.10
Simonyan% A [15] (2014) ConvNet 88.00
Li%5 A\ [5] (2018) stacked LSTM 88.90
CNN-LSTM [ours] C3D, 3-layer LSTM 92.33
BRI U Wang’%/\[27] (2017) ResNetl? 93.50
Wang%% A\ [7] (2019) BN-Inception 94.90
Tran%: A\ [4] (2018) R(Q2+1)D 97.30
Carreira®5 \[3] (2017) 13D 98.00
TGM-GI [ours] C3D, 3-layer LSTM 98.74
2 ART7iE Olympic Sports _EHIF-34 00 28 IE %
WiRrE S PO A HEAR G IEHfiI% (%)
Jones®: A\[12] (2014) WEAFE, SVM 74.60
Kuehne% A [42] (2016) HOG-HOF, HMM 90.20
. WangZs A [10] (2013) IDT, SVM 91.10
LU Ni%% A\ [11] (2015) FVER-E, SVM 92.30
Lan®§ A[13] (2015) MIFS, SVM 92.90
Li%% A\ [43] (2017) FVH#1E, HMM 93.10
Tran% \[18] (2015) C3D 81.65
W2 2] (RGB) Carreira® \[3] (2017) 3D 83.74
Xiao%E \[19] (2019) CNN 89.52
Chte o o

T AR, FRATITESR 1 058 2 i, E— DA iR LAR 2% 21 U7 T AR AL 38 27 S B, YR8 2% 3
JPEAE B AT P 4. I /BT 1 RIS 2 SEBe 25 RATTRT LUE i, (1) 76 UCF101 i PR b, BR A SCREHERE Y
3D CNN-LSTM, ¥4 34 (1) I3DIHER 5, (HE, FIH Grenander BLE 130 5, ASCH) TGM-GI J7ik it T LA
T U TR 8 2 SRR (2) A SCIHEHE 735 Ouyang X 5907, #8RH C3D+LSTM MELE, Todl 15 ikt i 1) S S 2
PTAMEH T 3 layer LSTM b Ouyang X K 2 layer LSTM B A T LFIR ARSI G RE D). Ak, FATT 00 e 72
fE LSTM J5 i T 2 layer FC K38 5m AR &34, 11 Ouyang X 7£ LSTM 2 Jia, 1 I K] /& Mean pooling F1i% %5 [n]
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IH, AT R FRIA BE ) T AESCHS. (3) fE Olympic Sports Z#i % L, Bi4% 3D CNN-LSTM IR B, 3EAR—2 {1
T HMM J7i% ™, [ R, R Grenander BRI HE58 )5, AL TGM-GI ik T By USSR I3, (4) 8 4R J5 2
>J 7 Olympic Sports H4fs & IE# 2 UIK, IR IM, T8l M 2 FEE RS T8 2, &1 T Olympic Sports
BAR B AP T 2 (R O, XML T, SR 2 (IR L2 ) TR Gy NI 814 Olympic Sports YIZ5FEA%S
) BB IR T I R TR . (5) ARSI TGM-GI J5 230 i 3 i (R) i s, 05 LR T 5E4E ¥ 3D CNN-LSTM i
7%, 7F UCF101 #5432 = 6.41%, E Olympic Sports £ 4 L4851 5.67%. B, 783 U T Grenander fLALT)
I [ PRS2 TR A 28

H T BT AR SO IR, AT 1A FLOPs KAl T B IS AT i i 2210 1S &, FLOPs 42 FK2A floating
point operations ¥i7F s IZH L. 32 3 FEA T C3D, LSTM FRBL S B0 FLOPs. W3+ 1] LLG AN T R LA
C3D 7L, 50 LSTM #EE 5, ot 8w W R 0. BATHE— 2545 R 35 B B R 47 1 ). 00 e 43 A
7k Nvidia GeForce GTX 1080 IR, i7-5960X b3 4%, 7E58 1 BB, PAT —NAIIAT h PRI, R B 25 ST R 7 22
F 8 16 AR A, B 16 ¥ C3D-RGB-LSTM, #1 16 X C3D-RGB-LSTM. 16 {X C3D-RGB-LSTM [{]][a] &) 242 ms,
Hr, C3D-RGB #B4> 191 ms, LSTM #5453 51 ms. 16 #X C3D-FLOW-LSTM [{J 18] 4 238 ms, HH, C3D-FLOW
5> 186 ms, LSTM #5743 51 ms. 7E55 2 BB, HEFRES 73 AN 5 2225 FE IR R] 5 sl B0, 10T 2225 B HOIR S H0, Hi,
WIUERTE SUBRIE s 2 BRIUAR TR NI 22 ok 57 5 0 400 5 S8 Y D IR TR 4% 453 3 117 16 AN 5 ARIS AT ) 4107 ms,
L ZARSASTE. AN, FATIR T 58 A 7 i HE R O vk, BRIV i A I A AR AR A, AR I IR AR
K=160 1530 T, 2 AN s 75 ZEIT H] 31 ms, 3 /N5 235 220 TA) 4 s, 4 /NIRRT S35 22T ) 657 s, B 11 min,
T B 25 0 3l 77 5 4R TEAER AT S B FH 5 3K, AR 10 B AR S S AR Rk > T A AT IR .

3 ARSI S HR A FLOPs

IR S FLOPs

C3D-RGB 6.13E+07 7.70E+10

C3D-Flow 6.13E+07 7.64E+10
3-layer LSTM (16~ [A] 75 ) 2.52E+07 1.76E+08

4.5 HRLSEI

AL DBT W RlSE R K 44T Grenander i Ak b Bt S 500 52, 5 AL 4 AN CHESELL (1) BEHK,
S I RS PR EG (2) RHER BAE 0 , %2 H0% M 706 1m0 25 B, BB 4 38 00 58 22 1100 5 3 1 0
(3) Grenander I JE, T B2530)) 25 a8 LA R IELT B (4) B TSR 22, BT 5 o 25 0 B R s [T K

(1) BAE R, BATAE A2 (1) WEERS BN, R I8 5285 K RV 6 i (1 0 iR m. 18] 6 43 4 i
7 UCF101 #1 Olympic Sports $o#i e, 30 7775 TGM-GI 7EAN [F) B HU B9 IE A28, 7T LA HL S8 2850 K 520
F: (1) UCF101 $df4E 1 K=160 A H Bl IEAf R, 17 Olympic Sports 2d4E L K=80 A H Biltse i IERAI =R, IX 2 Ky UCF
BAEL AT AR, BA T2 MBS ST A i1, 95 250 2 (K2R SRBOR X RAE 25 R BEAT 4153 (2) H2REEAT H
JRF I3 N, HEARESR S A, IXRT AR B R, BE 2 (RAT R SR T 2 IR E LAAE B 43, ST 53807 4R 0 B A =
Frig.

(2) (M= BB 1A 5. Olympic Sports BXf5 55 = 1E A% (19 4% 1 K=80, 6 =6; UCF101 B 4545 i 1F 3 11 4 A
i K=160, 0 =8. TAI 1 2 B b3 (B AR ). 55 2R %00 KO LA, AN 230 (L 15 i) AN B S8 TG % o i ik
I TT e 43 5 BUBRE A T AS MBS 3 15 05, %S H0 =TT RS 5 B0 IR U AR B I RE D 1R SURRd ¥
TR, IX PR 0 AR 4 AR TR [ 1 E A .

(4) Grenander Ml £ fI52M. 3% 4 3F—3515HE 3 F' Grenander M FE A2, BAREHS: (1) A, = p, R H RETE LK,
(2) Ay = py REIEFFIELING (3) Az = py * pg [ I 2 FE P 24 0. Ho At 2 40f FH 5 Hi 48 5t v 1) 2 804441, Ollympic
Sports 1 ] k=80, 6 =6, UCF101 1 H] K=160, 0 =8. W LLFE tH, s XA KM 45 R 72, L3 LEHMER R 3D CNN-
LSTM L AUAAR, 1A B8 BRI 4 H I T A N2 B vy FA0 3 SO s o) B, 3 SORR e At R (0 40 I, T 5 B0 19
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W TR A AT, b 7 BE G IR Rl 00, ZERFAE L) R I nt b, R D0E SCEYHR, sl T L) B e T 70 ARALL 8 A 2R i
M 3RAS B 47 ¥) Grenander Ff )5 5.

6
R I T N
©
S
1%
© N U B W N

o0

S8}
—_
S

1 1 L L L i L ) o
20 40 60 80 100 120 140 160 180 200 20 40 60 80 100 120 140 160 180 200
K K
(a) UCF101 (b) Olympic sports

Bl 6 A s 2 Ta] RS RIECARE 26 B (B AT 9 TR 1E A 2R 11 5% 1
#K 4 Grenander M EEXFAT AP IEHI R TIRZM (%)

GrenanderJll Ji UCF101 Olympic Sports

3D CNN-LSTM 92.33 89.52
Grenanderif Sl & 92.50 88.85
Grenander i AiE M £ 93.91 89.88
Grenanderfili£5l 5 98.74 95.19

(4) BRI BEE TS, 2 5 g5 T AN R (AN R sl s 4, FeA S5 o0 181 6 rhiss IR IR (M 4 k. ]
LAt O LEWIAR I TR, 1S R R IR (0 TE A 2 vy, X R] A b IR TS, 0 JE S I 1) 4% i B SUAE R,
WG TP TG ) AL b gk 229 K. @ RN, W LR AT A M TUA 2Bk, S 15 A1 25 B0 2% 2 I ) A 0
S A, XU I B SE AT (TR AEAE ). © Grenander HEFA T2 B 8 5 U TR, £E UCF101 F1
Olympic Sports #4587 G (142 &1, U E LAY, X T 2 bR SObr ic 4G Rtk

s NIRRT U IE R IR 520 (%)

I ) A X UCF101 Olympic Sports
3D CNN-LSTM 9233 89.52
IR BT TR 94.30 90.68
LBRICAR B T 96.78 91.51
PR Ol e 97.56 92.46
GrenanderdfE 2 [N i) 155X 98.74 95.19

4.6 FIHLIL R

K7 25 T AT B I AR O A B, A5, UCF101 B4 6 (a) ARABHEIE, (b) WERINE, (o) W, M
Olympic Sports I (d) TEER, () #EA Bk, () 25, BT 2 B [A) B QO A2 A, B Sl 7 TR A i i) 45
MATRRIC. (1) 78 (b) BEERHITEA (d) TEReh, oy DU I (R 26 130 {8 22 KRz 3 P IR A, (2) 53 — R IR 3 1) 175 1 2
FRENAZ G 15 5230, B (a) ARARFRIEAT (o) #2819 Hh (K75 1. (3) Grenander HEPE M B — L2 31K
Frid, Bande (d) SERRAPISBRAUBAT, 45 (O $EAS RIS M, 15 () SRR s LAAS IR R B2 H S 1, £F (o) ST
CAANTR] A3 5 M 55 . ] A5 SRR, AR SO VA BR i I R BRAT Dby B () ASS 5 b (9 5 P4, 7 UCF101 £ 4k
o SR RS EL K=160, Bl 7(b) SEERFUGEA 6 AU R A5, ZEARATUAS SC 8 HE RN (8] )y 46 ms, HEER R B /N T
TR IS5 SRR AL SR BRI [, 3 158 B AR SCHE B 7 ¥ 1 It ) 2 vy A 32 11).
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FIUA S [A)550
49 49 49 134 134 109 109 23 109 109 146 146 146 146 109 109
%‘gﬁﬁﬁ%ﬁﬁﬂa‘l‘ﬂ%iﬁ

109 23 109 146 109
Jo B A AR
49 146 109
Grenander I [R] B
146 146 109

(a) ARAE A% Javelin throw

VIR TR

126 82 82 6 52 52 17 148 52 52 52 148 148 148 148
%@A%H’]ﬁlﬂﬁiﬁ
126 82 - 52 17 148 52 - 148
%@E%E’Jﬁlﬂ’f‘i‘cﬁ

52 148 52 148
Grenander TEIEHT [
148 82 52 148 52 148

(b) FEEKFN % Basketball dunk

WA R

TOTNNLOISNTOGNTSHNITS SN0 OO OO0 IO O ISINIIS NS N2 8 NSNS
LBRICAR I RIS
101 : 10§ 115 - 100 115 - 128 115
FBR 5 A (R4S
101 - 115 100 115
Grenander LI [A] F
100 115 100 115
(c) %5 Horse riding

23 13 13 gL onL L onL oyl 0]

ﬂ%m%ﬂ’]ﬁlﬁﬂffﬁﬁ

23 30 13

St E’Jﬁlﬁﬂ*ﬁiﬁ

23 13 13

Grenander TEIEH‘J‘IEHF“%?&

27 13 =07 13
(d) 55k Basketball

%JJ ﬁ’*lﬁ A

272783 SIS SR 3! 4 37 4 4 4 4 4
éi@)béf?ﬁ’]ﬂj‘lﬁﬂffﬁiﬁ
4 37 4
%l‘?ﬁf%ﬂ’]ﬁlﬁﬂ’fﬁfﬁ - .
Grenander }‘EIEHTIEW‘%?&
33 4
(e) AT Bk Pole vault

7 ASCTERIN ARG A R

© PEFEERK IR s/ www. jos. org. cn



# %A% % Grenander B 18] 4544 5 3] 53 ARAL T 4947 A 4753 1877

VIR IR

26 14 40 14 40 40 8 8 8 8 8 8 8 8 8 8
FBR TR R

26 14

40 14 40 8
2% o O TR TR
26 14 40 14 40 8
Grenander 3R []455
40 14 40 14 40 8

(f) $#£%% Clean and jerk
Kl 7 RSO IER A A S R (2
5 2 &

ASCE ORI [A] B2 A Grenander BB R HEAT 8 S5 R A4k, & —F Grenander #EERAR AL T 1T [i] Pl 45
R (TGM-GI). BRI, A SCHH b 10 I ) B 25 R 0 ) 8, & LW FTE 3D CNN-LSTM ¥R AR A 1) I [ Bl A5 =X
HEFL. %%, SR K-means 773 014A 4t Grenander 2F s 23 [0), BEJS, Bil T AL A FEASSHRRIRRAE 28 SRR Ak 410 7l 5
P, F0H S P A o 1) ) BT C AR R SR 8 T, B, AR T Pl e s R 3T Viterbi S, Al RlGRFIEZ K
FiE LR ) Grenander U2, Refiftp — SCHERLSE T i) @, 7E UCF101 F1 Olympic Sports FIAN A WS I, 5
LA 22 P TR BE 2 S AT R AT BB, A SO ESRAS T Sl AT Rl IE 28, AR SO a0 T2 HER
CNN-LSTM J5i%, £ UCF101 #di 4k 1425 6.41%, 1 Olympic Sports #5455 13251 5.67%. Ky T Ax1fi 43 M1 A L7
R DTIR, FRATIE— 20 BT Rl SE BI04, SRSSHL, MR 2R (A, Grenander W B2, I (AR R ZE B (R 520, Jf45
I AR 1 T Ak R, 843 UM T Grenander DK 1 I 1] AR 1 A5 Ak
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