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Fig. 1 Torque-based impedance control
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Fig. 4 Adaptive control composition
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Overview of robot force control

ZANG Qiang' TIAN Lang' HU Kai' CHEN Weifeng'
1 School of Automation,Nanjing University of Information Science & Technology, Nanjing 210044

Abstract To deal with the contact force for industrial robots, this paper reviewed the existing traditional control
strategies including impedance control , position/force hybrid control and adaptive control ,and overviewed intelligent
control strategies such as fuzzy control ,neural network and optimal control.This paper detailed the basic principles
of each robot force control algorithm,then enumerated some application results, and prospected the future develop-
ment of robot force control.
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