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MRTP : Multi-Temporal Resolution Real-Time Action Recognition
Approach by Time-Action Perception
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Abstract: In view of the uneven distribution of temporal and spatial information and the difficulty
in obtaining long-term information representation, we propose a dual-path action recognition
method MRTP based on time and motion perception, which takes RGB video as input and applies
two parallel perception paths to extract spatial and motion features from the video at different
time resolutions. In the spatial path, the action-perception based on feature difference is applied
to find and strengthen the action feature representation; in the action path, the channel is filtered
based on the weight of action perception, and channel attention and time attention are added to
enhance the key features; the characteristics of the two paths are merged to calculate the action
category score of the video. The experimental results show that MRTP achieves accuracy of
95. 6% on the UCF101 data set to outperform the model without time attention; on the AVA2. 2

data set, the accuracy of mAP reaches 28% to outperform the model without action perception
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and time attention. Compared with the current mainstream two-stream network, 3D convolution,

Transformer, and other methods on a number of accuracy indicators, this method is endowed

with better recognition effect and robustness.

Keywords: action recognition; dual-path network; feature difference; action perception;

temporal attention
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Fig. 1 Network architecture of MRTP action recognition method
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Table 1 Comparison of model accuracy for different methods on UCF101 data set

J7 PR LIS Bt ERNEES T YI A 7Y Top-1 #ii# /%  Top-5 HEHHE/ %
C3D(2014) = ResNext-101 Sports-1M 82.3 95.9
TSN-RGB(2016) & ResNet50 ImageNet 83.0 96. 7
Two-stream 13D(2017) = Inception-vl ImageNet 90. 6
TSN-Optical Flow(2016) = ResNet-50 Kinects 91.7 99. 2
I3D-LSTM(2019) & LSTM Kinetics 95.1
TesNet(2020) Py Inception-ResNet-V2 ImageNet 95. 2
MRTP(2021) 5 ResNet3D Kinects 95.6 99.5
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Fig. 4 Comparison example of recognition results
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Table 2 Comparison of model mAP accuracy for different methods on the AVA data set

i Je 1 i DG ERNCES TN LA Rl IR/ N
ARCN(2018) = S3D-G 17. 4
13D w/RPN(2018) & ResNet50 ImageNet 21.9
13D Tx HighRes(2019) & 13D Transformer Kinetics-400 27.6
D3D(2018) 5 ResNet RPN Kinetics-400 23.0
X3D-M(2020) o ResNeXt-101 Kinetics-600 23.2
SlowFast 4x16 R50(2019) &® ResNet3D-50 Kinetics-400 21.9
SlowFast 8x8 R101-+NL(2019) & ResNet3D-101 Kinetics-600 27.1
X3D-XL.(2020) & ResNeXt-101 Kinetics-600 27.4
SlowFast 16x8 R101-+NL(2019) % ResNet3D-101 Kinetics-600 27.5
MRTP(2021) w ResNet3D-50 Kinetics-400 25.2
MRTP(2021) & ResNet3D-101 Kinetics-600 28.0
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Table 3 Comparison of the results before and after adding MRTP method

UCF-101 AVA2.2
ik TR % 11 45 5 : ‘
Top-1 HERH/ % Top-5 e %/ % SR R/ Y

FER 5 7 91.3 99. 2 22.0
ResNet3D-50 Kinetics-400

MRTP 93.5 99.2 25.2

B iy 94.3 99.5 27.1
ResNet3D-101 Kinetics-600

MRTP 95.6 99.5 28.0
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Table 4 Comparison of accuracy of some categories before

and after adding the MRTP method to the AVA

data set #45.%
BRI A
R R RIME
T H1 3% (answer phone)  66.73 72.11 5.38
Bk % (dance) 50. 82 56. 87 6. 06
R A (drink) 24. 86 29.55 4. 69
2 F (hand shake) 12.76 19.76 7.00
1 22 ik #3% (play musical
strument) 41.08 51. 68 10. 60
% (shoot) 9.02 22.70 13. 67
WK (swim) 38. 28 57.57 19.29
FTFFH Y Copen) 18. 64 16. 75 —1.89
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Table 5 Comparison of model complexity for different

methods
ok —— BLFY S 4 &i‘fii%{g
/10" /e s
R2+1D ResNet-50 53. 950 64. 06
TSN ResNet-101 43.320 7.66
13D-NL ResNet-101 61. 780 101. 94
MRTP ResNet3D-50 34.566 110. 24
MRTP ResNet3D-101 62. 827 75.62
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