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Behavior Recognition Based on Multi-Stream Convolutional Neural Network

ZHOU Bo, LI Jun-Feng
(School of Mechanical Engineering and Automation, Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract: Human behavior recognition has a strong correlation with human body poses, but many open datasets for
behavior recognition do not provide relevant data of poses. As a result, few recognition methods tra@in pose data and fuse
with other modalities. Current mainstream behavior recognition methods based on deep learning fuse RGB images with
optical flow. This study proposes a behavior recognition algorithm based on a multi-stream convolutional neural network,
which integrates human body poses. Firstly, the pose estimation algorithm is used to generate the data of key points on the
human body from the static pictures containing people, and the pb,ses are constructed by connecting the key points.
Secondly, RGB, optical flow, and pose data are respectively trainéd on the multi-stream convolutional neural network,
and the scores are fused. Finally, substantial experimental research is conducted on ablation and recognition accuracy in
UCF101 and HMDBS51 datasets. The experimental results reveal that the experimental precision of the multi-stream
convolutional neural network i}ltegrated with pose images increases by 2.3% and 3.1% in the UCF101 and HMDBS51
datasets, respectively, [;roving the effectiveness of the proposed algorithm.
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BB EZ 2 101 D ETAE.
32 XWEMHEER "B
SIS SR A A SEEE AT R S R B T AL
Fit. & A Intel Core i5-8500@3.0 GHz, NVIDA GeForce
1080TI GPU, #:1E Z2%iy Ubuntul6.04, SZUHESE Ny
Tensorflow. YEMBSH L, FIREE N 0.001, 3
& 0.9, BUEFE RN 0.0008, fHt & K/NEEN 16, fliH
TR AT R 25, SLHT epoch K/NA 80.
ASCAEFHINA 224%224 K/NEUZR IR X 25 1
BRI /N 353 ML 36 1 o 1 ARSI R AL (1) DL RS
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=*

Layer Output shape Param
Conv2d 1 (None, 112, 112, 96) 9504
Activation_1 (None, 112, 112, 96) 0
Max_pooling2d 1 (None, 56, 56, 96) 0
Conv2d 2 (None, 28, 28, 256) 614656
Activation_2 (None, 28, 28, 256) « 0
Max_pooling2d 2 (None; 14, 14, 256)" 0
Conv2d 3 (Nong, 14, 14, 512) 1180160
Activation_3 & (None, 14, 14, 512) 0
Conv2d 4 (None, 14, 14, 512) 2359808
Activation_4 (None, 14, 14, 512) 0
Conv2d 5 (None, 14, 14, 512) 2359808
Activation_5 (None, 14, 14, 512) 0
Max_pooling2d 3 (None, 7,7, 512) 0
Flatten 1 (None, 25088) 0
Dense 1 (None, 4096) 102764 544
Activation_6 (None, 4096) 0
Dropout_1 (None, 4096) 0
Dense_2 (None, 2048) 8390656
Activation_7 (None, 2048) 0
Dropout_2 (None, 2048) 0
Dense 3 (None, 101) 206949
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Up. X LES R B — MR ZE R SR ELRS B 5
EHIEE BRI X 7.

RZ, IR EG 5K LT
AR B, DU 5 NS X 4 o3t 31 S /R . SR Benid 72
Hh 22 JLBOUL I 2% AE K 48 UCF101 5 HMDBS 1 Sk
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Push Ups, Diving, Front Crawl -5 Run, Sit, Climb. & 11
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#E 085 x o T stream (Fusion)!"”! 88.0 59.4
0s0 | ’ Ours (RGB) 73.1 40.8
’ Ours (Optical Flow) 84.8 55.9
0.75 |+ Ours (Fusion) 89.3 60.8
0.70 Ours (Pose)(L =3) 47.4 28.1
. Babycrawling Skydiving Archery Ours (Pose)(L = 5) 52.9 31.6
Ours (Pose)(L =7) 53.1 31.8
) (b) UCF101 Ours (Pose)(L = 10) 53.5 32.1
= Multi-stream @ Two-stream Ours( Three stream) 91.3 62.5

S ST AR 7 8 ‘ e
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124 B A AR F% Software TechniquesAlgorithm

© TEREERIREGSTT  hiip:/iwww.c-s-a.org.cn


http://www.c-s-a.org.cn

2021 4F #5304 55 8 1

http://www.c-s-a.org.cn

i H AR SN A

1

PURH 22 X 24 R AT AR TR, 1207 AR IF A 1 %

ARICHRE T —MZEG RGB. i, BN Z G

A 5AT NI AR M AR TEAT RIS B, IF E
HHEET RGB B, LB A 5 26, NrIo s
A S5 R R s e AH IR T UG, A E i R B 4
Hh PR L G Rl N TS RRAE. SEI 45 R W, A CH L
£ UCF101 5 HMDBS51 4 48 b1 5256 4 3 3t Bk
ABRIET, MAESE T ARSI H BRI A . #F
KM TAE R AE 2 W3S 1 b Se B R 08 SE i iz S0
AN, BRI R 2 A IS TR B RS A i s ),
] S0 AR 42 25 UG B 5 N i 384 iy ) 1 200 2 S B0
ST 2 RS I 265 1) — /> SRR PR AR g L 1 ) .

—

S 30k
Laptev 1. On space-time interest points. International Journal
of Computer Vision, 2005, 64(2-3):107-123. [doi: 10.1007/
s11263-005-1838-7] . ‘
Knopp J, Prasad M, Willem§ G, et al. Hough transform and

v

3D SURF for robust three dimensional classification.
Proceedings of the 11th European Conference on Computer
Vision. Heraklion, Greek. 2010. 589-602.

Kldser A, Marszalek M, Schmid C. A spatio-temporal
descriptor based on 3D-gradients. Proceedings of the 19th
British Machine Vision Conference. Leeds, UK. 2008. 1-10.
Scovanner P, Ali S, Shah M. A 3-dimensional sift descriptor
and its application to action recognition. Proceedings of the
15th ACM International Conference
Augsburg, Germany. 2007. 357-360.
Laptev I, Marszalek M, Schmid C, et al. Learning realistic

on Multimedia.

human actions from movies. Proceedings of 2008 IEEE
Conference on Computer Vision and Pattern Recognition.
Anchorage, AK, USA. 2008. 1-8.

Dalal N, Triggs B, Schmid C. Human detection using
oriented histograms of flow and appearance. Proceedings of
the 9th European Conference' on Computer Vision. Graz,
Austria. 2006. 428-441.  °

Wang H, Schmid” C. Action recognition with improved
trajectories. Proceedings of the 2013 IEEE International
Conference on Computer Vision. Sydney, Australia. 2013.
3551-3558.

Wang LM, Qiao Y, Tang XO. Action recognition with
trajectory-pooled

deep-convolutional descriptors.

Proceedings of 2015 IEEE Conference on Computer Vision

and Pattern Recognition. Boston, MA, USA. 2015.
4305-4314.

Karpathy A, Toderici G, Shetty S, et al. Large-scale video
classification ~ with  convolutional neural networks.

14

16

18

19

20

21

Proceedings of 2014 IEEE Conference on Computer Vision
and Pattern Recognition. Columbus, OH, USA. 2014.
1725-1732.

Simonyan K, Zisserman A. Two-stream convolutional
networks for action recognition in videos. Proceedings of the
27th International Conference on Neural Information
Processing Systems. Montreal, QC, Canada. 2014. 568-576.
Wang LM, Xiong YJ, Wang Z, et al. Temporal segment
networks: Towards good practices for deep action
recognition. Proceedings of the 14th European Conference
on Computer Vision. Amsterdam, “the Netherland. 2016.
20-36. '

Carreira J, Zisserman A. Quo vadis, action recognition? A
new model ancf the kinetics dataset. Proceedings of 2017
IE\EE Conference on Computer Vision and Pattern
Recognition. Honolulu, HI, USA. 2017. 6299-6308.
Sevilla-Lara L, Liao YY, Giiney F, ef al. On the integration
of optical flow and action recognition. Proceedings of the
40th German Conference on Pattern Recognition. Stuttgart,
Germany. 2018. 281-297.

Du T, Bourdev L, Fergus R, et al. Learning spatiotemporal
features with 3D convolutional networks. Proceedings of
2015 IEEE International Conference on Computer Vision.
Santiago, Chile. 2015. 4489-4497.

He DL, Li F, Zhao QJ, et al. Exploiting spatial-temporal
modelling and multi-modal fusion for human action
recognition. https://arxiv.org/abs/1806.10319. (2018-06-27).
Cao Z, Simon T, Wei SE, ef al. Realtime multi-person 2D
pose estimation using part affinity fields. Proceedings of
2017 IEEE Conference on Compuzer Vision and Pattern
Recognition. Honolulu, HI, USA..2017. 7291-7299.

Wang LM, 'Qiao Y, Tang XO. MoFAP: A multi-level
representation for action recognition. International Journal of
Cdmputer Vision, 2016, 119(3): 254-271. [doi: 10.1007/s112
63-015-0859-0]

Lan ZZ, Lin M, Li XC, et al. Beyond Gaussian pyramid:
Multi-skip
Proceedings of 2015 IEEE Conference on Computer Vision
and Pattern Recognition. Boston, MA, USA. 2015. 204-212.
Girdhar R, Ramanan D. Attentional pooling for action

feature stacking for action recognition.

recognition. Proceedings of the 31st International Conference
on Neural Information Processing Systems. Long Beach, CA,
USA. 2017. 34-45.

Tran D, Ray J, Shou Z, et al. ConvNet architecture search for
spatiotemporal feature learning. https://arxiv.org/abs/1708.
05038. (2017-08-16).

Bilen H, Fernando B, Gavves E, ef al. Action recognition
with dynamic image networks. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2018, 40(12):
2799-2813. [doi: 10.1109/TPAMI.2017.2769085]

Software TechniquesAlgorithm FXPFH AR H% 125

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://dx.doi.org/10.1007/s11263-005-1838-7
http://dx.doi.org/10.1007/s11263-005-1838-7
https://arxiv.org/abs/1806.10319
http://dx.doi.org/10.1007/s11263-015-0859-0
http://dx.doi.org/10.1007/s11263-015-0859-0
https://arxiv.org/abs/1708.05038
https://arxiv.org/abs/1708.05038
http://dx.doi.org/10.1109/TPAMI.2017.2769085
http://dx.doi.org/10.1007/s11263-005-1838-7
http://dx.doi.org/10.1007/s11263-005-1838-7
https://arxiv.org/abs/1806.10319
http://dx.doi.org/10.1007/s11263-015-0859-0
http://dx.doi.org/10.1007/s11263-015-0859-0
https://arxiv.org/abs/1708.05038
https://arxiv.org/abs/1708.05038
http://dx.doi.org/10.1109/TPAMI.2017.2769085
http://dx.doi.org/10.1007/s11263-005-1838-7
http://dx.doi.org/10.1007/s11263-005-1838-7
http://dx.doi.org/10.1007/s11263-005-1838-7
http://dx.doi.org/10.1007/s11263-005-1838-7
https://arxiv.org/abs/1806.10319
http://dx.doi.org/10.1007/s11263-015-0859-0
http://dx.doi.org/10.1007/s11263-015-0859-0
https://arxiv.org/abs/1708.05038
https://arxiv.org/abs/1708.05038
http://dx.doi.org/10.1109/TPAMI.2017.2769085
https://arxiv.org/abs/1806.10319
http://dx.doi.org/10.1007/s11263-015-0859-0
http://dx.doi.org/10.1007/s11263-015-0859-0
https://arxiv.org/abs/1708.05038
https://arxiv.org/abs/1708.05038
http://dx.doi.org/10.1109/TPAMI.2017.2769085
http://www.c-s-a.org.cn

	1 姿态估计算法
	2 融合姿态数据的多流卷积神经网络人体行为识别算法
	2.1 RGB网络
	2.2 光流网络
	2.3 姿态网络

	3 实验结果与分析
	3.1 实验数据集
	3.2 实验条件与结果

	4 结论与展望

