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Motion intention recognition algorithms for lower limb exoskeleton

NIU Miaohe!, LEI Fei?

(1. Beijing-Dublin International College, Beijing University of Technology, Beijing 100020, China; 2. School of Information Science
and Technology, Beijing University of Technology, Beijing 100020, China)

Abstract: The rapid advancement of artificial intelligence and sensing technology has highlighted the potential of lower-
limb exoskeleton technology in assisted walking and motion assistance. Decoding human motion intention using sur-
face myoelectric (SEMG) signals is essential for achieving coordination and unification of human—machine motion.
However, owing to the spatiotemporal differences and nonlinear dynamics of SEMG signals, existing methods have lim-
itations, such as single feature capture and low recognition accuracy. A motion intention perception model based on a
multiscale convolutional neural network is proposed to solve these problems. The model uses multiple differential con-
volution blocks to extract the temporal and spatial scale features of SEMG signals. It utilizes a multi-layer deep network
to capture the nonlinear dynamic features of SEMG signals. The recognition accuracy of this model for the offline EMG
database is 94%, and that of the whole-foot off-ground motion category is 98%. The average recognition accuracy of
this model is more than 90% in the experiment of online motion intention recognition using a lower-limb exoskeleton,

which verifies its effectiveness in the field of lower limb exoskeleton intention recognition.
Keywords: lower limb exoskeleton; assisted walking; surface electromyography signals; human—machine movement;
multi-scale; convolutional neural network; perceptual model; intention recognition
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