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Blade fault diagnosis of wind turbines based on deep reinforcement

learning adaptive variational mode decomposition
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Abstract: To address the problem that wind turbine blades are prone to defects such as cracks and wear under
complex operation conditions, and to overcome the limitations of traditional vibration signal analysis methods,
this paper proposes a fault diagnosis method for wind turbine blades based on adaptive variational mode
decomposition optimized by deep reinforcement learning. In this method, deep reinforcement learning is
introduced to construct an adaptive optimization framework for variational mode decomposition parameters. The
dynamic optimization of the mode number and penalty factor is realized through a discrete-continuous hybrid
action space and a dual-objective reward function constrained by the average envelope entropy and the variance
of envelope entropy. On this basis, sensitive modes are screened according to envelope entropy, the time-domain,
frequency-domain and entropy features are fused, and the blade fault classification is completed using a support
vector machine. The research results show that the proposed method can reduce the average envelope entropy of
variational mode decomposition to 2.21, control its variance within the range of 0.21-0.24, and achieve a

recognition accuracy of blade faults as high as 96.4%. The research conclusions provide a reference for
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improving the accuracy and reliability of fault diagnosis for wind turbine blades.

Keywords: wind turbine blades; fault diagnosis; deep reinforcement learning; variational mode decomposition;

proximal policy optimization algorithm; envelope entropy
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Tab.5 comparison of envelope entropy of different turbine voiceprint signals
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Fig.3 time-domain comparison of two modal decomposition methods for WT1 turbine crack fault samples
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Fig.4 frequency spectrum comparison of two modal decomposition methods for crack fault samples of WT1 wind turbine
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Tab.6 comparison of fault diagnosis performance among
different methods
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