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Photovoltaic System MPPT Algorithm Based
on Adaptive Radial Basis Function Neural Network

WANG Zhendao, GUO Jingxun®, XIAO Wang
(School of Physics and Electronics, Hunan Uiversity , Changsha 410082, China )

Abstract: The power —voltage characteristic curve of photovoltaic system has multiple peaks under partial
shade condition. The traditional maximum power tracking method can easily trace to the local maximum power point.
To solve such shortcoming,a photovoltaic system Maximum Power Point Tracking(MPPT ) algorithm based on adap—
tive radial basis function neural network is proposed. The model optimizes the extended constants and weights of
RBF neural network with adaptive linear algorithm, which overcomes the shortcomings of traditional neural network
algorithm with slow convergence speed and poor global optimization. The simulation of adaptive RBF neural network
is carried out in MATLAB/Simulink environment. The results show that the proposed algorithm can accurately find
the maximum power point of the photovoltaic system when the external illumination and temperature change. More—
over the convergence accuracy and convergence time are greatly improved.
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Fig.1 PV cell of single diode
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Fig.2 Photovoltaic cell output characteristic
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Fig.3 Neural network structure diagram
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Tab.1 Neural network initialization parameter
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Fig.4 Neural network training error curve
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Fig.5 Neural network prediction voltage error curve
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