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Fast 3D Aiming Method of Manipulators Based on Monocular Visual Feedforward

CHEN Xiaopeng', XU Peng', WANG Zhantao’, XING Cheng', QIU Yuhan'

(1. School of Mechatronical Engineering, Beijing Institute of Technology, Beijing 100081, China; 2. Beijing Aerospace Institute for

Metrology and Measurement Technology, Beijing 100076, China)

Abstract: To address the issues of the lack of three-dimensional depth information and slow convergence speed in

monocular vision-based manipulator aiming, a fast aiming algorithm based on monocular visual feedforward ap-

proach for a 6D of robotic arm was proposed. First of all, the CSPDarknet of YOLOv4 was cropped through reduc-

ing the number of the Cov2D_BN_Mish units and simplifying the complexity of the backbone network so as to form

a Lite YOLOv4 algorithm to accelerate object detection speed. Then, the pixel coordinates of the target object de-
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tected from monocular images were inversely projected to a 3D ray emitted from the camera center. The 3D ray was
exactly the target ray for the aiming laser. What was more, a multiple common points based calibration approach
was proposed to obtain the exirinsic parameters of the monocular camera and the aiming laser, and the expected
joint poses of the robotic arm were then deducted based on the expected 3D ray coordinates. Finally, direct position
control was used to replace visual servoing control based on the expected joint poses to accelerate convergence
speed, and realize the monocular visual feedforward based fast 3D aiming for robotic arms. Experiments verified
that the average monocular aiming time was 0. 611 second. The aiming success rate was 95.238% , which was
4.762 percentage points higher than traditional image based visual servoing.

Keywords: monocular vision; visual feedforward; autonomous aiming; deep learning; manipulator operation
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Multi-electrode Coordinated Upper Limb Rehabilitation Motion Control
Method Based on ADRC

HUO Benyan', WANG Yanan', ZHANG Zan', DONG Angin®, LIU Yanhong'

(1. School of Electrical and Information Engineering, Zhengzhou University, Zhengzhou 450001, China; 2. The Fifth Affiliated Hospi-
tal, Zhengzhou University, Zhengzhou 450000, China)

Abstract; Functional electrical stimulation (FES) was an important rehabilitation treatment for stroke-induced dis-
abilities. However, existing FES devices primarily used single-pair surface electrodes to stimulate muscles, making
it difficult to precisely locate the optimal stimulation position during limb movements. Additionally, the accuracy of
rehabilitation movement control could be affected by internal and external disturbances. To achieve precise control
of upper limb movements. A multi-electrode coordinated control method based on active disturbance rejection con-
trol (ADRC) was proposed in this study. First, a multi-electrode functional electrical stimulation system for upper
limb rehabilitation was designed. Next, an electrode switching strategy was determined by analyzing the dynamics
model of the upper limb, dynamically adjusting the electrode combination according to the angle range during angle
tracking to track the optimal stimulation position. Subsequently, ADRC was introduced as the controller to estimate
and compensate for system disturbances in real-time. Finally, healthy subjects were recruited for simulations and
experimental validation. The results showed that the proposed control method achieved precise control of upper limb
movements. Compared with the fixed electrode strategy, the average tracking error was reduced by approximately
50.41% , and the root mean square error was reduced by approximately 43. 30%. Furthermore, analysis of the sub-
jects’ electromyographic signals indicated that the electrode switching strategy reduced mean absolute value MAV
and median frequency MF by approximately 44. 21% and 17. 97% , respectively, while mitigating muscle fatigue.

Keywords: functional electrical stimulation; multi-electrode switching strategy; upper limb rehabilitation system

electrode array; active disturbance rejection control





