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[Abstract]

Wind turbine nacelles are often inaccessible, making real-time fire detection crucial to prevent severe
damage and downtime. However, monitoring is hindered by the scarcity of anomaly data compared to
normal data. To address this, this study proposes a PatchCore-based one-class memory modeling
framework using only normal data to approximate complex feature distributions via non-prametric
nearest-neighbor modeling. The model was trained exclusively on normal nacelle data and compared
against OCSVM, LOF, and PaDiM. Experimental results show PatchCore’s superiority achieving an
image-level AUROC of 0.96 and a pixel-level AUROC of 0.83. These results demonstrate that
menory-based modeling effectively represents complex normal feature spaces, providing robust anomaly

detection performance for wind turbine environments.
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II. Related works
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2. Research on Image-Based Anomaly
Detection for Wind Turbines
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3. Research on Semi-Supervsied & Unsupervised
Anomaly Detection for Wind Turbines
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3. Patch-Level Anomaly Scoring
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5. Multi-View Ensemble for Nacelle Monitoring
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6. Implementation Details
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(0) Nacelle RGB (left) (h) Nacelle gray (left)

(B) Test set
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(0) Nacelle RGB (left) (p) Nacelle gray (left)

Fig. 2. Overall training dataset & test dataset

V. Result &Discussion
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