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Abstract: To address the limitation of existing variational networks in feature extraction and fault
sensitivity for wind turbine monitoring data, this paper proposes a conditional variational
recurrent window network (CVRWN) aimed at modeling the normal operating state of wind
turbines, and constructs a quantification method for ice accretion on blades based on such
network. First, multiple groups of conditional variational autoencoders (CVAEs) enhanced with
self-attention mechanisms are employed to learn from windowed monitoring data, enabling the

extraction of latent distribution features and the reconstruction of wind power data for each time
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window. Next, gated recurrent units (GRUs) are used to facilitate cross-window feature transfer, and a
predictive submodule is introduced to enhance long-term trend modeling capability, thereby
constructing the complete CVRWN architecture. Subsequently, the constructed network is
trained on turbine monitoring data under normal operating conditions, resulting in a stable
CVRWN model obtained by jointly optimizing reconstruction and prediction losses. Finally, the
reconstruction loss of wind power in the last window of the CVRWN model is defined as the ice
accretion indicator r, which enables accurate quantification of the icing levels. Validation with
actual operational data demonstrates that the CVRWN model improves wind power reconstruction
accuracy by approximately 10% compared to the basic CVAE model, verifying the rationality and
effectiveness of the proposed structural enhancements. During the ice accretion process, the
proposed model’s ice accretion indicator r can accurately and dynamically represent the evolution
of blade icing compared to baseline models, providing a quantitative reference for the safe

operation and maintenance of wind turbines in extreme environments.
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Fig. 1 Example of wind turbine blade icing scenario
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Fig. 3 VRNN’s variable relationship graph
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Table 2 Evaluation metrics for wind power reconstruction

results of different models on the test set
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Fig. 8 Examples of wind power reconstruction results

from different models
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degrees
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Table 4 Data related to r value for different models on the

test set
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Fig. 12 Example of CVRWN wind power reconstruction

results under different blade icing degrees
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