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Abstract; Objective Aiming at the problems of lacking initiative in upper limb rehabilitation training equipment,
single training mode, and low active participation of patients, an upper limb continuous motion estimation
algorithm model based on multi-modal information fusion was proposed, so as to realize accurate estimation of
elbow joint torque. Methods Firstly, the surface electromyography ( sEMG) signals and posture signals of
participants were collected at four angular velocities, and the time domain characteristics of the signals were
extracted. The principal component analysis was adopted for multi-feature fusion. The back propagation neural
network (BPNN) was optimized through the additional momentum and the adaptive learning rate method. The
particle swarm optimization (PSO) algorithm was used to optimize the neural network and a continuous motion
estimation model based on PSO-BPNN was constructed. Finally, the joint torque calculated by the second type of
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Lagrangian equation was used as the accurate value to train the model. The performance of the model was

compared with the traditional BPNN model. Results

The root mean square error (RMSE) of the traditional

BPNN model was 558.9 N-m, and the R* coefficient was 77. 19% , whereas the RMSE and the R coefficient of
the optimized model were 113.6 mN-m and 99. 12% , respectively. Thereby, the accuracy of torque estimation

was improved apparently. Conclusions The method for continuous motion estimation of the elbow joint proposed

in this study can estimate the motion intention accurately, and provide a practical scheme for the active control of

upper exoskeleton rehabilitation robot.

Key words: feature fusion; neural networks; particle swarm optimization; continuous motion estimation; surface

electromyography (sEMG)
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