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Video behavior recognition network using multi time-scale convolution
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Abstract; The behavior recognition network based on 2D convolutional usually integrates classification results of multiple video frames to
recognize different behaviors, but it can’t extract space-time feature using the 2D convolution kernels. To solve this problem, MTSC ( multi time-
scale convolution) was proposed based on TSM( temporal shift module) , which contained convolution kernels of different scales to fuse the space-
time feature from different time scales. By controlling the position that inserting MTSC into ResNet50 network and the parameter setting of MTSC,
the optimal behavior recognition network based on MTSC was discussed. Using the PyTorch training model, an experimental study was conducted on
a large open source dataset, Something-Something v2. The results show that the behavior recognition network based on MTSC achieves 59. 47%
Top —1 accuracy, and outperform TSM and other behavior recognition networks.
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Tab.2  Accuracy rate of ResNet on ImageNet dataset

FELFRY Top=1/%  Top-5/% SR
ResNetl8 69.758 89.078 11.7 x10°
ResNet34 73.314 91.420 21.8 x10°
ResNet50 76. 130 92. 862 25.6 x10°
ResNet101 77.374 93.546 44.5 x10°
ResNet152 78.312 94. 046 60.2 x 10°
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Tab.4 Network accuracy by different insertion position

Y o Top - 1/% Top —=5/%
MTSC  [1,2,3,4] 44.61 73.67
MTSC  [2,3,4] 44.29 73.19
MTSC [3,4] 44.08 72.35
T™SM  [1,2,3,4] 43.87 72.69
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Fig.7 Classification result of some behavior categories by different insertion position setting
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Tab.5 Compare with other models

TEEAY Wi K/ Top-1/% Top—-5/%

TSN 16 224 30.00

TRN 8 224 48.80 77.60

TRN-2Stream 8 224 55.50 83.10

TSM 8 224  58.70 85.47
TSN + TPN 8 224 55.20

DN 8 224 57.60 84. 60

16 224  59.20 85.10

MTSC 8 224 59.47 85.54
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Fig.8 Classification result of some behavior categories of TSM and MTSC
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