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Fault diagnosis is essential for maintaining operational reliability and preventing catastrophic failures in wind turbines. A
major challenge in deploying diagnostic models is achieving robust generalization to new turbines while maintaining the
ability to detect truly anomalous conditions. Specifically, when encountering unfamiliar data, models must distinguish
whether unfamiliarity stems from normal operational variations across turbines or from genuinely novel conditions or
fault patterns requiring expert intervention. Current domain generalization approaches focus on learning turbine-invariant
representations to improve cross-turbine accuracy but lack mechanisms to quantify prediction confidence. Meanwhile,
existing uncertainty quantification methods can detect distribution mismatch yet exhibit limited adaptability in cross-
domain settings.

To close this gap, we propose Conditional Prior Networks, which integrate uncertainty analysis with domain generalization
by conditioning uncertainty estimates on the distributional relationship between training data and test/deployment data.
Through meta-learning with a leave-one-domain-out strategy, our approach learns to calibrate uncertainty by assigning
different target confidence levels during training. When encountering samples from new turbines with known operational
states, the model maintains moderate uncertainty while preserving generalization capability. When facing genuinely novel
fault patterns, the model produces high uncertainty to trigger rejection or human review.

Our contribution includes three components. First, we develop a context estimator that quantifies distributional distance
through geometric statistics relative to training prototypes. Second, we introduce a meta-learning framework with
differentiated uncertainty targets that guide uncertainty calibration for domain generalization. Third, we establish a
unified evaluation framework measuring both cross-turbine generalization and semantic anomaly detection. We will
validate our approach on real-world multi-turbine SCADA systems, demonstrating that uncertainty-aware domain
generalization enables trustworthy deployment of diagnostic models in safety-critical industrial environments.
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