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Improved Encoder-Decoder Temporal Action Detection Algorithm

Wang Yue, Su Hansong, Liu Gaohua

School of Electrical and Information Engineering, Tianjin University, Tianjin 300072, China

Abstract Temporal action detection is a fundamental task in video understanding that is commonly used in the fields
of human-computer interaction, video surveillance, intelligent security, and other fields. An improved encoder-
decoder temporal action detection algorithm based on the convolutional neural network is proposed. The improved
algorithm is applied in two stages: first, the feature extraction network is replaced and the residual structure
network is used to extract the deep features of the video frame; and second, the encoder-decoder temporal
convolutional network is constructed. The feature fusion is conducted via contact, and the method of upsampling is
improved. To improve the detection accuracy of the network, the proposed algorithm employs the appropriate
activation function LRelLU for training. The experimental results show that the accuracy of the proposed algorithm
on the temporal action detection datasets MERL Shopping and GTEA has improved.
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Fig. 1 Structure of the improved encoder-decoder temporal convolutional neural network
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Table 1 Parameters of feature extraction network

Block Kernel size Number of channels
Convl 7X7 64
[1X1] (64
Conv2_x 3X3| X3 64 | X3
11X 1] 1256
ey [128]
Conv3_x 3X3| X4 128 | X4
11X 1] 1512
[1X1] [256 ]
Convd_x 3X3| X6 256 | X6
11X 1] 11024 |
[1X1] [512 ]
Conv5_x 3X3| X3 512 | X3
11X 1] 12048 |

iR 15 B ReLU BREE e 42 7 190 45 A9 Al £k 1
RE ). Rel.U pREK 1Y 1F %l i 3 (6 15 an A ELAH 7]
ki HAE R 0, (0 ReLU 15 N #3E MR B A7 16
VFZ )8, PRAE 1) A% 15 1 2o A8 v /5 22 E A7 ok e 4
P o B SR 67 2 Bl A 5 B R BE Sl 0, IR 28 0 2
P AN BT ) . T R AR P B R 2%
I LReLU pfi £, it o BT 7 2F A — > B E
AN Ry 0 RO R 2 RO R o Bl e A Y
SBUE . SIAZER . S BEA T k5 2
JUAF A5 15 D0 BE 68 18 T B4 40 A1, 32 T I 45 11
BLTHLaE T .

ke, LReLU PRI B2: 800

y =max(0,x) +a * min(0,x), (2)

Krfa Riltls{a . &4 0.01,
3.3 HEMAE

T B SR A 1 3 T 7 A IR 1 R AR Al S
o 5B LB FRAEAR N Cadd) AN [A] , T $12 530 1 4
St B 5 B TR R RS Y 8RR R R S ) A AR R U
T PR i LR RRAE 22 05 T8 O R B R AR L PR RRAE
] J5 1% 3 .

feature 1 NRNSSRNNNRY
feature2[ T [ [ T T ]

concat

[ 3 el i) AR Rl 5 55X
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Fig. 4 Schematic diagram of traditional upsampling and

improved upsampling. (a) Traditional upsampling;

(b)improved upsampling
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Table 2 Recognition accuracy rate of each action

Dataset Action Accuracy /%
Reach to shell 77.8
Retract from shelf 79.3
MERL Shopping Hand in shelf 81.6
Inspect the product 80. 4
Inspect the shelf 81.2
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Table 3 Effectiveness of various module on the algorithm

Dataset VggNetl6 ResNet50 ED-TCN Improved ED-TCN mAP /%
MERL Shopping N N 24.3
MERL Shopping N, V/ 25.6
MERL Shopping J N/ 29.3

GTEA N N 25.8

GTEA N/ N/ 27.2

GTEA N NG 30. 2

HM A, Lea % 3 F F1 score, 1 T3& H T £ 5
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Table 4 Seg-F1 of different algorithms on different datasets

Dataset ED-TCN Improved ED-TCN Seg-F1@10 Seg-F1@25 Seg-F1@50
MERL Shopping N/ 86.7 85.1 72.9
MERL Shopping J 89.2 87.14 74.8

GTEA NG 72.2 69.3 56.0

GTEA N 76.8 71.9 58.5
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Table 5 Comparison of results of different algorithms on the MERL Shopping dataset

Algorithm Accuracy /% mAP /% Seg-F1@10 Seg-F1@25 Seg-F1@50
MSN Det 64.6 29.5 46. 4 42.6 25.6
MSN Seg 76.3 24.2 80.0 78.3 65.4
Dilated TCN 76.4 26.3 79.9 78.0 67.5
ED-TCN 79.0 25.5 86. 7 85.1 72.9
Improved ED-TCN 82.4 29.3 89.2 87.4 74.8
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