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2-Input 2-Output ANFIS Controller for Trajectory Tracking
of Mobile Robot
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Abstract

One approach of the control of a nonlinear system that has gained some success employs a fuzzy structure
in cooperation with a neural network(ANFIS). The traditional ANFIS can only model and control the process
in single-dimensional output nature in spite of multi-dimensional input. The membership function parameters
are tuned using a combination of least squares estimation and back-propagation algorithm. In the case of a
mobile robot, we need to drive left and right wheel respectively. In this paper, we proposed the control system
architecture for a mobile robotic system that employs the 2-input 2-output ANFIS controller for trajectory
tracking. Simulation results and preliminary evaluation show that the proposed architecture is a feasible one
for mobile robotic systems.
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Fig. 2. Desired trajectories and tracking error
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Table 2. RMSE with epoch (unit : m)
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