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A human falling motion detection algorithm based on
multi-feature fusion and Transformer

LIU Wenlong, CHEN Chunyu

College of Information and Communication Engineering, Harbin Engineering University, Harbin 150001, China

Abstract: In order to solve the problems of detecting and locating falling motions, a new detection architecture for
human falling motions recognition is proposed in this paper, based on YOLOvV3 object detection algorithm. The
algorithm divides the video into a series of image sequences, and specifies key frames in the image sequences. 3D
convolutional neural network (CNN) is used to extract temporal dimension features in video sequences, and 2D
convolutional neural network is used to extract spatial dimension features in key frames. The channel fusion mechanism
is used to fuse the prediction features of different scales, and then the fused features are extracted and fused in depth
through the feature pyramid Transformer. The algorithm can achieve end-to-end training. The effectiveness of multi-
feature fusion and the Transformer structure in human falling action detection is proved through training and testing on
the self-made falling action data set.

Keywords: action recognition; transformer structure; feature fusion; spatial attention mechanism; channel attention

mechanism; convolutional neural networks; YOLOvV3; anchor
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