B A 5 T &

Science Technology and Engineering

S 2005 4F 5525 % 4 1) B %
2025, 25(4) : 01540 -07

DOI:10. 12404/j. issn. 1671-1815. 2401484
Sl AR, WY, R AE T sl R SR SO R 28 B LA T IR [ 1] Bl R 5 TR, 2025, 25(4) : 1540-1546.
Cao Ruochen, Feng Xiufang, Zhao Chen. Video action recognition based on sport feature enhancement in two-stream network[ J ].

Technology and Engineering, 2025, 25(4) . 1540-1546.

T 1T B 4 1 18 5 XA W 4% B AR 33 4T 24 15 A

GER, LN, RET
CRJFBE T R824, B+ 030600)

Science

i B AR B ATAT A R R R 24 xR S R AR SR B R A 5 3 BUIR A A AR Y PR A8 A 4R R T IE B A AR 3 %
R 2509 AT F AR 7 kAR B AR Z P A R R R AR R R, )RR S e B R R 6 S AR AR R, R R
P S5 N A AL 5], 70 B 18] 37 ) 24 i N A ALSRM 2 7 5] 19 26 25 # VA ResnetS0 A B F I 26, 45 3 x 3 B AR A PTat sk
#) &0 By 18 B A5 AR RS A By SRIE S AR KR, R RN B F 15 &, R AN R A B B L5 oM 25 R, SRRV M
A f£ UCF101 A= HMDBS1 4% 5 £t 44 F 35 5] 96. 8% Fn 75. 3% , 5 # 4o Fr ik AR VLA — R ALALIE

KBl AT AR RS BHRAE; IR M %

Pk S P39 Silkbs S A
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[ Abstract |

which leads to low recognition accuracy, a action recognition method based on sport feature enhancement two-stream networks was

To solve the problem of insufficient extraction of sport features by dual stream networks in current action recognition,

proposed to improve accuracy. The network was divided into spatial stream and temporal stream, with the same structure but different
inputs. The input of the spatial stream network was a video frame sequence, while the input of the temporal stream network was a video
frame difference sequence. The network structure used Resnet50 as the backbone network, replacing the 3 x 3 convolution with the
proposed global sport feature module and local sport feature module, fully extracting video sport information, and finally combining
spatial and temporal stream to output the results. The results show that the accuracy of the model on the UCF101 and HMDBS51 datasets
reaches 96. 8% and 75.3% , which is superior to traditional algorithms.
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Fig. 1 Overall framework of the network
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Fig. 3 Global sport feature module structure
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Fig. 4 Local sport feature module structure
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Fig. 6  Partial visual inference graph

3 Fig

JITHE H 32 Sl RRAE 3 50 DU I 25 47 R 1R 7 ik
W4 A8 SR GSFM 1R 3BI2 Sh ERE A5
LSFM fiff-tR WU 9 25 $1 B2 Sh R AE AN 2 A () L 2
TR HERA R [T AR TR et ot 2 R s O kit
Bt U BB B A A BT RN RE R, AR SCE AR
MAEHESE UCF101 F1 HMDBS1 - f93R 51 Top-1 H
FE k2] 96. 8% FI 75. 3% , 1EAT IR SIME S I
BT RERS, KN TS Ti#— 21T
TP AR BIERG %, JF 2 R T e Al 0 25 44 K 1
JESEPRI R

Z % x #t

(1] =8, FFHE, Bt, 5. FETWES 07 ) i gk
(1], B2 5L, 2022, 39(8) : 1-10.

Yuan Shou, Qiao Yongjun, Su Hang, et al. A review of behavior
recognition methods based on deep learning[ J]. Microelectronics
and Computer Science, 2022, 39(8) . 1-10.

[2] Kong Y, Fu Y. Human action recognition and prediction; a survey
[J]. International Journal of Computer Vision, 2022, 130(5) .
1366-1401.

(3] B, 22308, sALT. AMAT IR EFRGSAR[T]. &
HLREFITFST, 2022, 39(3) : 651-660.

Liang Xu, Li Wenxin, Zhang Hangning. Summary of research on
human behavior recognition methods[ J]. Computer Application Re-
search, 2022, 39(3) : 651-660.

[4] TEHEE, RIS, RUGE, 55 T o2 00U G TN 2 1Y
P RPIT]. PN S5, 2022, 39(3) : 154-158.
Ding Xueqin, Zhu Yisheng, Zhu Haohua,et al. Behavior recogni-
tion based on spatio-temporal heterogeneous double-stream convolu-
tion network[ J]. Computer Applications and Software, 2022, 39
(3): 154-158.

[5] LinJ, Gan C, Han S. TSM: temporal shift module for efficient vid-
eo understanding[ C]//Proceedings of the IEEE/CVF International
Conference on Computer vision. New York: IEEE, 2019.
7083-7093.

[6] &M, bk, XImA%R, 5. B X0 = J1 S BUR 245 1
AT AT, WEHLTR ST, 2023, 44(1) : 284-291.
Jin Bo, Wang Jinglin, Liu Hongyue, et al. Human behavior recog-
nition based on dual attention time convolution network [ J]. Com-
puter Engineering and Design, 2023, 44 (1) . 284-291.

[7] Feichtenhofer C. X3D: expanding architectures for efficient video
recognition [ C ]//Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition. New York: IEEE, 2020 ;
203-213.

[8] Dong M, Fang Z, Li Y, et al. AR3D: attention residual 3D net-
work for human action recognition[ J]. Sensors, 2021, 21(5):
1656.

[9] EIMIZE, PR, XIMHF, %. 3T W IR 3DResNet-Bil-
STM AT 73 (1], T B HLRL A 5 3k, 2023, 40(2) .
192-196, 205.

Yan yuhan, Chen Tian, Liu Zhongyu, et al. Behavior recognition

¥ F5 M HE - www. stae. com. cn



1546

B A 5T R

Science Technology and Engineering

2025,25(4)

[10]

[11]

[12]

[13]

[14]

[15]

[16]

method based on dual attention and 3DResNet-BiLSTM[ J]. Com-

puter Applications and Software, 2023, 40(2) ; 192-196, 205.
Bertasius G, Wang H, Torresani L. Is space-time attention all you
need for video understanding? [ C]//International Conference of
Machine Learning. New York: IEEE, 2021. DOI: 10. 48550/
arXiv. 2102. 05095.
Ranasinghe K, Naseer M, Khan S, et al. Self-supervised video
transformer [ C ]//Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition. New York: IEEE,
2022 . 2874-2884.
Liu Z, Ning J, Cao Y, et al. Video swin transformer| C ]//Pro-
ceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition. New York: IEEE, 2022, 3202-3211.
I, BOARRH. ARSI S AT U A Sk (0], B
FHARE TR, 2023, 23(8) ; 3370-3378.
Ji Xiaofei, Zhao Dongyang. Joint algorithm for human detection
and abnormal behavior recognition[ J]. Science Technology and
Engineering, 2023, 23(8) : 3370-3378.
Simonyan K, Zisserman A. Two-stream convolutional networks for
action recognition in videos[ C]//Advances in Neural Information
Processing Systems. New York: IEEE, 2014 568-576.
Wang L, Xiong Y, Wang Z, et al. Temporal segment networks:
towards good practices for deep action recognition[ C ]//European
Conference on Computer Vision. Cham: Springer, 2016 20-36.
Soomro K, Zamir A R, Shah M. UCF101 : a dataset of 101 human

[17]

[18]

[19]

[21]

[22]

actions classes from videos in the wild[ J]. arXiv Preprint, 2012
arXiv:1212. 0402.

Kuehne H, Jhuang H, Garrote E, et al. HMDB a large video da-
tabase for human motion recognition[ C]//2011 International Con-
ference on Computer Vision. New York: IEEE, 2011 ; 2556-2563.
Demir U, Rawat Y S, Shah M. Tinyvirat; low-resolution video ac-
tion recognition [ C ]//25th International Conference on Pattern
Recognition (ICPR). New York: IEEE, 2021 . 7387-7394.
EB, B, Nl % ETEEEEPUR AR AT R
WHILI]. THEHUGEL, 2022, 39(12) : 284-289, 356.

Wang Qiong, Wang Xu, Liu Yunlin, et al. Human behavior rec-
ognition based on improved dense trajectory algorithm|[ J]. Com-
puter Simulation, 2022, 39(12) . 284-289, 356.

Yang M, Guo Y, Zhou F, et al. TS-D3D: a novel two-stream
model for action recognition| C]//International Conference on Im-
age Processing, Computer Vision and Machine Learning ( ICIC-
ML). New York: IEEE, 2022, 179-182.

Bai S, Wang Q, Li X. MFI; multi-range feature interchange for
video action recognition [ C ]//25th International Conference on
Pattern Recognition ( ICPR). New York: IEEE, 2021. 6664-
6671.

Zolfaghari M, Singh K, Brox T. Eco: efficient convolutional net-
work for online video understanding[ C]//Proceedings of the Euro-
pean Conference on Computer Vision( ECCV). New York: IEEE,
2018 695-712.

¥ Mk . www. stae. com. cn



