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Gesture Recognition Algorithm Based on Improved Multiscale Deep Convolutional Neural Network

JING Yu,QI Rui-hua,LIU Jian-xin and LIU Zhao-xia

School of Software,Dalian University of Foreign Languages, Dalian, Liaoning 116044, China
Abstract Since the traditional shallow learning networks rely too much on manual selection of gesture features. they cannot
adapt to complex and varied natural scenes in real time. Based on the convolutional neural network architecture, this paper propo-
ses an improved multi-scale deep network gesture recognition model, which makes it possible to overcome the drawbacks of ma-
nual extraction features by using the convolutional layer to automatically learn gesture features. In this method, the adaptive
multi-scale features are introduced to realize that convolution kernels with different sizes at the same convolutional layer to gene-
rate different scale features,and achieves feature map fusion with different levels by cascading shallow and deep features. In addi-
tion,in order to enhance the generalization ability of the model, this paper proposes a loss function based on regularization con-
straints. The experimental results show that the recognition accuracy of the proposed network model is higher than that of the or-
dinary single-scale convolutional neural network, and the shortcomings of imprecise and incomprehensive extraction as well as

poor stability are overcome,and the time required for network training is not greatly increased.
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Performance comparison of single scale networks

Table 1

Model Accuracy Time/s Memory/G
CaffeNet 0.837 0.43 2.64
VGG_CNN 0.819 0. 40 2.41
DCNN 0.797 0.59 2.45

ResCNN 0.753 0.68 2.72
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Fig.1 Performance comparison of various algorithms in a single-

scale network
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Table 2 Performance comparison of multi-scale networks

Model Accuracy Time/s Memory/G
M_CaffeNet 0.903 0. 60 3.52
M_VGG_CNN 0.871 0.51 3.29
M_DCNN 0. 865 0.65 3.50
M_ResCNN 0.853 0.70 3.88
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Fig. 2 Performance comparison of various algorithms in multi-scale

networks
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Table 3 Comparison of algorithm performance on different data sets
Data Model  CaffeNet VGG_CNN DCNN  ResCNN Proposed
CGD 0.69 0.69 0.74 0.72 0.75
Hands 0.74 0.76 0.69 0. 66 0. 80
EShands 0.59 0.61 0.57 0.53 0. 64
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Fig. 3 Performance comparison of various algorithms on different

data sets
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