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Abstract When modeling the complete action in the video,the commonly used method is the temporal segment network (TSN),
but TSN cannot fully obtain the action change information. In order to fully explore the change information of action in the time
dimension,the Action-Related Network (ARN) is proposed. Firstly.the BN-Inception network is used to extract the features of
the action in the video,and then the extracted video segmentation features are combined with the features output by the Long
Short-Term Memory (LSTM) ,and finally classified. With the above approach, ARN can take into account both static and dyna-
mic information about the action. Experiments show that on the general data set HMDB-51, the recognition accuracy of ARN is
73.33% ,which is 7% higher than the accuracy of TSN. When the action information is increased, the recognition accuracy of
ARN will be 10% higher than TSN. On the Something-Something V1 data set with more action changes, the recognition accuracy
of ARN is 28.12% ,which is 51% higher than the accuracy of TSN. Finally,in some action categories of HMDB-51 dataset, this
paper further analyzes the changes of the recognition accuracy of ARN and TSN when using more complete action information res-
pectively. The recognition accuracy of ARN is higher than TSN by 10 percentage points. It can be seen that ARN makes full use
of the complete action information through the change of the associated action, thereby effectively improving the recognition accu-
racy of the change action.
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Table 1 Experiment results of TSN
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RGB-+Flow 94.0 69.0
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Table 2 Comparison of accuracy of TSN, ARN and ARN Full
CBLNT 2 %)
Frames TSN ARN ARN Full
3 52.35 52.81 55.10
5 53.53 54.71 55.23
7 53.14 54.77 57.39
Multi-Scale 54.05 57.25 59.47
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Table 3 ARN performance with RGB and optical flow
Modality UCF-101 HMDB-51
Multi-Scale/ % 94.5 73.33
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Table 4 Action recognition comparison on UCF101M and

HMDB51%) datasets

(AT %)
Method UCF-101 HMDB-51

Two-Stream!*” 88.0 59.40
LSTM! 88. 6 -

TSN 94.0 68.50

TSLSTMH® 94.1 69. 00

I3D(pre-training on Kinects'’ ‘ 95.6 74.80

13D (pre-training on ImageNet) *) 84.5 49.80

ECO(pre-training on Kinects) 17 94.8 72.40

ARN(pre-training on ImageNet) 94.5 73.33
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Table 5 Chang of recognition accuracy of TRN and TSN as

number of frames({r. ) varies on Something-Something V1

CHLAL . 0D
Frames TSN ARN ARN Full
3 16. 30 20. 25 21.24
5 16. 88 24.44 24.88
7 17. 34 25.87 26.42
Multi-Scale 18.63 27.52 28.12
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Table 6 With increase of number of input frames, variation

of TSN’s recognition accuracy of some behavior categories on

HMDB-51 data set

CHLA 2 6D
Label 3 Frames 7 Frames L
chew 60 16 —14
fencing 50 40 —10
{lic_flac 43 40 —3
jump 26 16 —10
turn 6 0 —6

F 7 AEMEA 7 W RGB WA AT , TSN #1 ARN % HMDB-51
BN SR 1B 2 AT S 1 TR o i 3R

Table 7 In the case of 7 RGB frames, recognition accuracy of
some actions on HMDB-51 dataset by TSN and ARN
(AL )
Label TSN ARN T E
chew 16 66 +20
fencing 40 70 +30
flic_flac 40 66 +26
jump 16 13 +27
turn 0 26 +26
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