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Multi-feature fusion behavior recognition model

Tan Dengtai'?, Li Shichao', Chang Wenwen®, Li Denglou’
1. School of Public Security and Technology, Gansu University of Political Science and Law, Lanzhou 730070, China;
2. GSIPSL Center of Judicial Expertise, Gansu University of Political Science and Law, Lanzhou 730070, China;

3. School of Electronic and Information Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China

Abstract: Objective With the rapid development of internet technology and the increasing popularity of video shooting
equipment (e. g, digital cameras and smart phones) , online video services have shown an explosive growth. Short videos
have become indispensable sources of information for people in their daily production and life. Therefore, identifying how

these people understand these videos is critical. Videos contain rich amounts of hidden information as these media can store
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more information compared with traditional ones, such as images and texts. Videos also show complexity in their space-time
structure, content, temporal relevance, and event integrity. Given such complexities, behavior recognition research is pres-
ently facing challenges in extracting the time domain representation and features of videos. To address these difficulties,
this study proposes a behavior recognition model based on multi-feature fusion. Method The proposed model is mainly com-
posed of three parts, namely, the time domain fusion, two-way feature extraction, and feature modeling modules. The two-
and three-frame fusion algorithms are initially adopted to compress the original data by extracting high- and low-frequency
information from videos. This approach not only retains most information contained in these videos but also enhances the
original dataset to facilitate the expression of original behavior information. Second, based on the design of a two-way fea-
ture extraction network , detailed features are extracted from videos through the positive input of the fused data to the net-
work , whereas overall features are extracted through the reserve input of these data. A weighted fusion of these features is
then achieved by using the common video descriptor, 3D ConvNets (3D convolutional neural networks) structure. After-
ward, BiConvLSTM ( bidirectional convolutional long short-term memory network ) is used to further extract the local infor-
mation of the fused features and to establish a model on the time axis to address the relatively long behavior intervals in
some video sequences. Softmax is then applied to maximize the likelihood function and to classify the behavioral actions.
Result To verify its effectiveness, the proposed algorithm was tested and analyzed on public datasets UCF101 and HMDB51.
Results of a five-fold cross-validation show that this algorithm has average accuracies of 96.47% and 80.03% for these
datasets, respectively. Comparative statistics for each type of behavior show that the classification accuracy of the proposed
algorithm is approximately equal in almost all categories. Conclusion Compared with the available mainstream behavior rec-
ognition models, the proposed multi-feature model achieves higher recognition accuracy and is more universal, compact,
simple, and efficient. The accuracy of this model is mainly improved via two- and three-frame fusions in the time domain to
facilitate video information analysis and behavior information expression. The network is extracted by a two-way feature to
efficiently determine the spatio-temporal features of videos. The BiConvLSTM network is then applied to further extract the
features and establish a timing relationship.

Key words: behavior recognition; two-way feature extraction network; 3D convolutional neural networks (3D ConvNets) ;
bidirectional convolutional long short-term memory network (BiConvL.STM) ; weighted fusion; high-frequency feature; low-

frequency feature
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Fig. 1 Mainstream behavior recognition structure ( (a) Two stream;(b) LSTM;(c¢) 3D ConvNets)
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Fig.6  Two frame fusion ((a) f,_,(x,7); (b) fi(x,y); (¢) L(x,y); (d) F(x,y))
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Fig. 7 Three frame fusion ((a) f,_,(x,y); (b) fi(x,y); (e) fi. 1 (x,y); (d) L, (x,y); (e) L(x,y); (f) M(x,y))
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Table 4 Comparison of the accuracy of the model in this article and the
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/%
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iDT( Wang FI Schmid ,2013) 86. 40 57.20
Two-Stream ( Simonyan Fl Zisserman ,2014) 88.00 59. 40
C3D( Tran % ,2015) 82.30 56. 80
RGB + RGBF + IDT( Yang %,2019) 92. 60 65. 40
Composite LSTM ( Li % ,2017) 89.20 56. 40
(C3D +iDT) — SVM(Tran % 2015) 90. 40 -

TSN( Wang Z£,2016) 94. 20 69. 50
Spatiotemporal Heterogeneou( Chen %5 ,2019) 94. 40 67.20
Multi-task C3D + LSTM ( Ouyang 2 ,2019) 93. 40 68. 90
Motion-Augmented RGB Stream ( Crasto % ,2019) - 79.50
S-TPNet( Zheng % ,2019) - 74. 80
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