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A Fall Detection Method Based on Two-Stream Convolutional Neural Network

Yuan Zhi, Hu Hui

(School of Information Engineering, East China Jiaotong University, Nanchang 330013, China)

Abstract : It is difficult to extract suitable visual feature for fall detection. To solve this problem, a fall detection method
based on two-stream convolutional neural network (Two-Stream CNN) method was proposed. The 3-Dimensional Convolutional
Neural Network (3D-CNN) stream input the marked video frame to eliminate the interference of video background. The VGG-
Net-16 convolutional neural network stream input the optical flow frame. Finally the Softmax of 3D-CNN and VGGNet-16 were
fused as the Two-Stream CNN output. Experimental results show that, the marked video frame and 3D-CNN method can effec-
tively eliminate the interference of the video background. The recognition rate of Two-Stream CNN is 96 %5, which is increased

by 4% compared with 3D-CNN, 3% compared with VGGNet-16 network.

Keywords : fall detection; two-stream convolutional neural network; video frame; optical flow frame
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