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Design of an Intelligent Fault Diagnosis and Identification
Algorithm for Wind Turbines
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Abstract: With the rapid development of wind power technology, fault diagnosis of wind turbines has become a key
factor in ensuring the safe and stable operation of wind farms. In response to challenges such as diverse fault types,
difficulty in feature extraction, and the relatively low accuracy of traditional diagnostic methods, this study proposes
an intelligent fault diagnosis approach based on deep learning. First, a fault feature database is established according
to the failure mechanisms of key components, including the gearbox, generator, bearings, and blades. Wavelet
transform combined with empirical mode decomposition is then applied to preprocess vibration signals and extract
time—frequency features. Subsequently, a deep learning model integrating convolutional neural networks (CNN) and
long short-term memory networks (LSTM) is constructed, and an attention mechanism is introduced to optimize
feature weighting and improve fault identification accuracy. The proposed method is validated using measured data
from a wind farm. The results show that the recognition accuracy for major fault types exceeds 95%, representing
improvements of 12% and 8% compared with traditional methods such as support vector machines. Moreover, the
model demonstrates strong real-time performance and robustness, enabling effective identification of early-stage
faults under complex operating conditions. This research provides technical support for predictive maintenance of
wind turbines and contributes to improving operation and maintenance efficiency while reducing maintenance costs.
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