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Fall Action Recognition Based on Deep Learning
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Abstract With the rapid growth of the aging population,fall detection has become a key issue in the medical and health
field. Accurately detecting falling events in the monitoring video and giving feedback in real time can effectively reduce
injuries even deaths caused by falls in the elderly. In view of the complex scenes in the monitoring video and multiple
similar human behaviors.this paper proposed an improved FSSD (Feature Fusion Single Shot Multibox Detector) fall
detection method. Firstly,a video frame forming dataset is extracted from different falling video sequences. Then, the
training sample set is input into the improved convolutional neural network until the network converges. Finally. the tar-
get category and the location of the target in the video are tested according to the optimized network model. The experi-
mental results show that the improved FSSD algorithm can effectively detect the falling or ADL activities of each frame
of image and provide real-time feedback. The detection speed is 24 fps (GTX1050Ti), which can meet the real-time re-
quirements while ensuring the detection accuracy. Comparing the improved method with the state-of-the-art fall detec-
tion methods,the performance of the improved FSSD is better than other algorithms. The detection of fall behavior in
video further validates the feasibility and efficiency of the recognition method based on deep learning.

Keywords Fall detection,Convolutional neural network, FSSD target detection algorithm, Deep learning, Action detec-

tion
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