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A fault diagnosis method for offshore wind turbines based
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Abstract ; Driven by the dual carbon objective, the offshore wind power has become a key supporting technology for optimizing the energy
structure and promoting green and low-carbon transformation. However, offshore wind turbines operate for extended periods in complex
marine environments characterized by high salt spray, high humidity, and strong stochastic loads, resulting in highly variable operating
conditions and significant operation and maintenance challenges that urgently require advanced fault diagnosis methods. To address the
limitations of existing data-driven fault diagnosis models in capturing deep temporal fault features and in effectively integrating fault
mechanism knowledge, this article proposes a large artificial intelligence model-based fault diagnosis method for offshore wind turbines.
The clustering and a greedy algorithms are first employed to preprocess the turbine data and perform feature selection, thereby identifying
key features closely related to fault evolution and reducing data redundancy and noise interference. Subsequently, a large model is
adopted as the backbone architecture and integrated with temporal transformation and classification modules to construct the offshore wind
turbine fault diagnosis framework. In particular, to enhance the recognition performance and generalization capability of the proposed
model, a prior knowledge loss function incorporating physical constraints and class balancing is designed. Finally, the proposed method

is evaluated on the EDP public dataset and a dataset collected from offshore wind turbines in Jiangsu Province. Experimental results show
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that the proposed approach outperforms typical data-driven models, including convolutional neural networks ( CNN) and convolutional

neural network Transformer hybrid models ( CNN-Transformer) , in terms of precision, recall, and F1-Score in fault diagnosis, thereby

providing reliable technical support for the safe operation of offshore wind turbines.

Keywords : offshore wind turbine; fault diagnosis; large scale industrial model ; physical information
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Fig. 1  Architecture diagram of the industrial large model
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Fig. 6 Selecting top twenty features by hybrid evaluation
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Table 1 Fault diagnosis results of each model in public wind power data set (%)

ARSIy KA +Focal loss CNN CNN+Transformer XGBoost

R T

R Fl P R F1 P R F1 P R F1 P R F1
E# 99 99 99 99 98 99 98 90 94 99 98 99 96 99 97
75 s A 98 98 98 97 98 96 54 91 68 93 97 95 82 83 82
TR R Gk 94 93 96 89 98 93 72 80 76 84 89 88 85 70 77
Ve A R 96 98 97 91 98 94 56 90 69 81 100 90 80 62 70
KPR 96 99 98 97 98 98 79 97 85 96 98 97 95 91 93

N KT @A KRR +Focal loss EEEES CNN BB8888 CNN+Transformer B==8 XGBoost
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Fig. 7 Comparison chart of diagnostic performance of each model on public wind power dataset
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Table 2 Diagnostic results of each model in the wind power data set of an offshore wind farm (%)
ARSI KA +Focal loss CNN CNN +Transformer XGBoost
A
P R F1 P R F1 P R F1 P R F1 r R F1
EH# 9 99 98 98 98 98 94 96 95 97 76 85 98 99 98
BH R G 98 90 94 95 93 94 87 79 83 55 86 68 98 38 55
AR A Z BRI 99 98 98 97 99 98 95 90 93 78 97 87 97 79 88
W R Gk 95 91 93 89 2 91 81 94 87 61 93 75 97 62 76
A A 99 95 97 93 95 94 79 93 86 45 92 62 95 65 77
Y 50 99 98 99 98 98 98 93 90 91 74 91 85 97 82 89
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Fig. 10  Comparison chart of fault diagnosis performance of each model in wind power dataset of an offshore wind farm
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