e T SOFTWARE ENGINEERING Yol Ne

NERS: 2096-1472(2021)-11-51-04 DOI:10.19644/j.cnki.issn2096-1472.2021.011.013

EFEE NI R BUHTRZE MBI KT AR 7%
ERE, BRIE

(FT T K FHMRE B HIERFRE, i M 310018)
SJhaofeiwang@yeah.net; 1jf2003zz@163.com

i E: HXResNeXti 2 (52 M 45) 77 AE O FFAE SR BUR £ 20, AREIR S 3 S B T4 A, ff
ResNeXtFMRERALHIARLS 6, - T —FETERIVLH PResNeX R, B, 7EResNeXtMZAYHELAS I, *F
BB E AR AERL O A U M 2 254 . R, i RZ 2R P R, SRS TR 8 2 (BB L s
I—DEAEE T, RIS R REE LR ER M %, &5, FEUCF101FIHMDRS 1 B 5iliA7 5ehe, #5517
95.2%AM165. 6% HER A . BFFTERT, A SCHR H AR ] DA ROI R O ERR L, Feo N = R R AR B ARARB
TR,

KEIWR . ARSI EEIE; ResNeXt; 4 fFrFyitift ()0

FESEE. TPIS3 XHMFRIEA. A

4

Human Action Recognition [\
Mechanism and Im

LI Junfeng
-

( Faculty of Mechanical Engineering utomati@®, Zhejiang Sci-Tech University, Hangzhou 310018, China)
S<hao g@yeah.net; 1jf2003zz@163.com

4

Abstract: Aiming gt of insufficient feature extraction in ResNeXt network and background information

interference in the da paper proposes a ResNeXt model based on attention mechanism, which combines the
ResNeXt network and attention mechanism. First, based on ResNeXt network, shallow and deep features are merged to
generate a new network structure. Second, the fully connected layer is replaced by a global average pooling layer. Then
channel attention mechanism is improved by adding a condition factor. At the same time, the improved attention mechanism
is embedded in the above-mentioned network. Finally, experiments are performed on UCF101 and HMDBS5]1 respectively,
and the accuracy rates of 95.2% and 65.6% are obtained. Experiments show that the proposed model can effectively extract
key features, and make full use of feature information of different layers to achieve better accuracy.
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Fig.1 Network architecture
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Fig.3 Improved ResNeXt network architecture
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Fig.4 Model of attention mechanism
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Fig.5 Channel attention mechanism
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Fig.6 Spatial attention mechanism
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Fig.7 Global average pooling
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Fig.9 Schematic diagram of some of the actions in the
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Fig.10 Schematic diagram of some of the actions in the
HMDB51 dataset
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Tab.1 Experimental results of three splits methods

R4y S35 UCF101%cH4 4 HMDB5 15 42
Spilt1 91.9% 66.1%
Spilt2 96.8% 64.4%
Spilt3 96.8% 66.3%

Average 95.2% 65.6%
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Fig.12 Visualization of attention mechanism
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Tab.2 Experimental results with and without attention
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