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Abstract:  Spatiotemporal action detection requires incorporation of video spatial and temporal information. Current
state-of-the-art approaches usually use a 2D CNN (Convolutionsl Neural Networks) or a 3D CNN architecture. However,
due to the complexity of network structure and spatiotemporal information extraction, these methods are usually non-real-
time and offline. To solve this problem, this paper proposes a real-time action detection method based on spatiotemporal in-
teraction perception. First of all, the input video is rearranged out of order to enhance the temporal information. As 2D or
3D backbone networks cannot be used to model spatiotemporal features effectively, a multi-branch feature extraction net-
work is proposed to extract features from different sources. And a multi-scale attention network is proposed to extract long-
term time-dependent and spatial context information. Then, for the fusion of temporal and spatial features from two differ-
ent sources, a new motion saliency enhancement fusion strategy is proposed, which guides the fusion between features by

encoding temporal and spatial features to highlight more discriminative spatiotemporal features. Finally, action tube links
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are generated online based on the frame-level detector results. The proposed method achieves an accuracy of 84.71% and

78.4% on two spatiotemporal motion datasets UCF101-24 and JHMDB-21. And it provides a speed of 73 frames per sec-

ond, which is superior to the state-of-the-art methods. In addition, for the problems of high inter-class similarity and easy

confusion of difficult sample data in the JHMDB-21 dataset, this paper proposes an action detection method of key frame

optical flow based on action representation, which avoids the generation of redundant optical flow and further improves the

accuracy of action detection.
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4.1.3 TWEH
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H A SR A Pytorch HEAL () BRIME . A SCIOREAIE
UCF101-24 £ 45 45 LIl 2B [0 29 4 5~7 K, 7€ JHMDB-
21 B4 L RIISRATTRIZ N 1K .
4.2 KRR

FEARTT o TR R AN R A T 45 1 R FRAE 32
B 246 6F Sty A ARSI F) 2 ), 308 2ok AS [R] 198 4 1 4 B )
L5 UE AR SO ¥E (A 0 . B0, PL ResNext101 /£
3D H T M 4% Darknet £ 4 2D B 1 M 25 7£ UCF101-24
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4.2.1 BTMEMIEE

PLEEAYRF 5S4 2 B, Bk 2D A1 3D CNN FF A REAR
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fiE,3D-CNN &3 Tz shad #2 , W5 45 6 A hefis 1 47
TS £5 B R TR . PR, A S i 22K ) 2D
3D BT W5 (R 2 AV R R AE HR B 45 0 B2 T Bh VR AG:
FHS RE . NF% 2 e, B Frame-m AP S PPk A5 80 (1) ok
B aE e LI, R(2+1) D 454 R 3D B T I’ 4%
CSPNet WM Z545 k 2D B T R 25 24, RE S A Sk i X st
2 B HEATEARE 45 v Sh VR RGN (0 HER 2, BB AR A
1E UCF101-24 B4 34942 F 17 1.22%, 7¢ JHMDB-
21 B A P4 T T 4.81%.

F2 BTFMEMNEREROER BT %
TR fi A AR
W% | UCF101-24 JHMDB-21

ResNext101+Darknet 8 79.40 64.61
ResNext101+Darknet 16 80.93 7231
ResNext101+CSPNet 8 79.76(+0.36) | 67.50(+2.89)
ResNext101+CSPNet 16 | 81.24(+0.31) | 72.61(+0.30)

R(2+1)D+Darknet 8 | 80.20(+0.80) | 64.84(+0.23)

R(2+1)D+Darknet 16 | 81.26(+0.33) | 75.78(+3.47)

R(2+1)D+CSPNet 8 80.59(+1.16) | 68.24(+3.63)

R(2+1)D+CSPNet 16 | 81.72(+0.79) | 76.21(+3.90)

4.2.2 ELEEHXSF BRGNS T

AR SCHE A AL T HEAS AR R i ALK
HAN 530 1~ 16 P00 BE . 24 A BERCE 25 T AL
KRR, R B AR iR 1 /D, B e B 5 B A
L T AN 5 I ) £ S, X L2k Ik i) o 371 £ A A

R TR SR o R B B 1R BN S 56 45 SR B R
i, LA ResNext101+Darknet B9 240 SV 5B T 4, 43 51
X AR 8 16 A EEHR 1.2 .4 8 1E i Be ¥l i
PEATRI 3, HAE JTHMDB-21 a4 b ob A7 5256 % ke . 5K

IS5 RN 3 B, IR 2R e g 1, T LB Y
R0 53 i BB SR 2 B ARG o R A, R R BER
JERENS IR I b F R I (5 B, . B TR 5 1 K, i
185 (R IR PE) 4 BB ML MER R B TR . IR I, AR
SCAE LU ok X i AR 43 A 2 A F R Bk AT e
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*3 RRARNSERUBERN LR

GANEES AW | 0 B W mAP%
ResNext101+Darknet 8 1 64.61
ResNext101+Darknet 8 2 67.88
ResNext101+Darknet 8 4 66.75
ResNext101+Darknet 8 8 66.59
ResNext101+Darknet 16 1 72.31
ResNext101+Darknet 16 2 73.75
ResNext101+Darknet 16 4 73.43
ResNext101+Darknet 16 8 73.07

AR, L ResNet50+Darknet . ResNext101+Darknet .
R(2+1)D+CSPNet i% 3 41 5 11 O FRAE 4R R 2%, 71
B i s ) W 21 B s L ol s 2 i
ASCHE R ELT EHER R TTMk . SCIR A ARk 4
7, AT LA L EEHERC R 0 I ATE B A = I R
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F4 IAEFEHERSELR AN %
LING G
CRRLCES
#fE | UCF101-24 | JHMDB-21
X 77.49 60.23
ResNet50+Darknet - -
v 80.33(+2.70) 62.52(+2.29)
X 80.93 72.31
ResNext101+Darknet -
v 81.05(+0.12) 73.75(+1.44)
X 81.72 76.21
R(2+1)D+CSPNet - -
v 82.05(+0.33) 77.70(+1.59)
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DA AE A W PS5 | i 1o 12 B 3R s B D G TS B L BE
% (o1 I 26 T - iy G 2 B X . O T — 2 e i R T
B 78 1Y DB WG I 1 DT , AR SR kA Y 1 ik
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b . 43 51 L ResNet50+Darknet+Darkne , ResNext 101+
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FEUUMZEAE THMDB-21 B 46 b HEAT S5, Se e 28 SR an
25 N IR B Rom L g R . TRLE T, 54
AR RO it SO0 S B B SO AR B 1L, A Ak 4
TR TR R R
4.2.4 ZREMZZXNFEFENEES T

MR G AR SCHE R 1) 22 RUBE ) 245 38 SO 3 T 2
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BT M 4% JEAE I
mAP/%
Eiivia 62.85
ResNet50+Darknet+Darknet N -
KHEWOET 63.77
o 69.39
ResNext101+Darknet+Darknet N —
KRHEMOE I 72.89
Eoi i 75.12
R(2+1)D+CSPNet+CSPNet N —
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3 ) A A R B Al B T 2 RO EE K

26 | INF s 28 SUAR TR A DA KRG T BT R A AR SR
A 2 ROFE B A 28 SO R O B iy sT k. L
ResNet50+Darknet . ResNext101+Darknet, R (2+1) D+
CSPNet 73 S A by 8 AE 42 B0 1) 208 147 52 30 . S5 0 45 SR
N 6 Firzn , Al LA 25 L B I ATE BT AT R AR 4
U 45 RN B HE 4 L R M REAR L T AR MERL AL, IR E T
A SCHR Y 22 ROBE I 25 28 S R e Rl L B B
BB 3 I 28 R, g 28 A 1 RE A Ok T
B4 Tt I HLAT DAAR 4 M A ) 200K W] B 3 1 B9 2% A
HiEdk.

*6 ZRERZFLZXNFENERERYE AT %
AT % Z RPEEE 1 M4
UCF101-24 JHMDB-21
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X 80.93 72.31
ResNext101 + Darknet - -
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X 81.72 76.21
R(2+1)D + CSPNet - - -
v 82.14(+0.42) 76.35(+0.14)
HT ML 23 52 SR s UCF101-24 JHMDB-21
X 77.49 60.23
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X 80.93 72.31
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ERNEES G ER S UCF101-24 JHMDB-21
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Y Y 16 81.32(+0.40) 74.76(+2.45)
8 80.58(+1.18) 68.39(+3.78)
Y Y 16 81.94(+1.01) 72.93(+0.62)
8 80.04(+0.64) 68.43(+3.82)
Y Y Y 16 81.64(+0.71) 74.42(+2.11)
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