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Human Behavior Recognition with High-Order Attention Mechanism

Wang Zengqiang Zhang Wenqgiang Zhang Liang
(Tianjin Key Laboratory of Advanced Signal and Image Processing, Civil Aviation University of China, Tianjin 300300, China)

Abstract: Because the existing video behavior recognition methods had the problem that ignore the interactional relationship
among features in the process of feature extraction, the effect of distinguishing approximate actions was poor. Therefore, a
human behavior recognition method with high-order attention mechanism was proposed. A high-order attention module was
introduced to a deep convolutional neural network, which modeled and utilized the complex and high-order statistics infor-
mation in attention mechanism. The goal of attention was to reallocate the weight of each part of the feature map in the
process of training, so as to focus on the local fine-grained information, produce the discriminative attention proposals, and
capture the subtle differences among behaviors. Extensive experiments had been conducted to validate the superiority of our
method for action recognition on two human behavior datasets, including UCF101 and HMDB51. The results showed that
the recognition rate has been improved to a certain extent compare with the existing methods, which validated the effective-
ness and robustness of the proposed method. The method effectively improves the ability to distinguish approximate behaviors.

Key words: deep convolutional neural network; behavior recognition; deep learning; high-order attention mechanism
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Fig.2 Illustration of the inception module
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Fig.4 Ilustration of the third-order attention module
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Tab. 1 The effect of different position of attention

module on recognition performance %
UCF101(RGB)
Wik Splitl Split2  Split3  #ERFR
TSN[16] 85.5 84.9 84.5 85.1

HAM-inception(3a)  84.83  84.15 84.58 84.52
HAM-inception(3c)  87.75 85.79 86.35 86.63
HAM-inception(4e) 84.56 85.50 85.39 85.15

# HAM-inception(3a) Bl = i 2 AR HIC B T inception

(3a) 225, HAt ML 24

Rk s B R I I U oA AR BASCR
TEH 8RS UCK24 kAT 17X SEse ., SCa0ss
W32 PR, BRI 1S, M g | A B
BEIMUHG R APREEE T 1. 7% , 8RR S S T
AW T B IR 1% T DO B B R Z Al Y
TNZE S XA T R B B B OIASOR

F 2 ARIJSETE UCF24 il e B iR 32 1

Tab.2 Compare the recognition rates of different

methods on UCKF24 dataset %
UCF24
Jrik RGB Jtii iR
TSN~ 84.7 90.5 93.6
HAM-CNN (ours) 88.3 92.1 95.3
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5 AU RCR g — 25 4Tt

#3  REJ5kAE UCF101 B8 4E F iyt e

Tab.3 Compare the recognition rates of different

methods on UCF101 dataset %
UCF101
Tk HiES
Two Stream[ 11 ] 88.0
C3D(3 nets) [17] 85.2
DMC-Net[ 32 ] 90.9
TSN[ 16 ] 94.0
Spatio-temporal Network[ 33 ] 94.6
ARTNet[ 34 ] 94.3
HAM-CNN ( ours) 94.7

F 4 ARIJTELE HMDBS1 BUHR4E b ARSI Za%) 1

Tab.4  Compare the recognition rates of different

methods on HMDBS51 dataset %
HMDBS51
T HiES
Two Stream[ 11 ] 59.4
C3D(3 nets) [ 17] 51.6
DMC-Net[ 32 ] 62.8
TSN[16] 68.5
Spatio-temporal Network[ 33 ] 68.9
ARTNet[ 34 ] 70.9
HAM-CNN (ours) 69.6
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