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Use Case | : Tracker Faults in Solar Power Plants
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Results: Precision-Recall of Fault Detection

13

Precision

rLUcNCc

A Siemens and AES Company

1.0 (a) ‘ (b)
—— ‘ \
0.8 - \\ : — == Data driven (0.63
\\ j—— PI(0.97)
— == Data driven (0.93) \
044 —— PI(0.99) N\
\
\\
0.2 1 S
synthetic faults real faults === N\—
0.0 | | | |
0.6 0.8 1.0 0.6 0.8 1.0
Recall Recall

Pl deep learning (DL) is superior to DL alone

Zgraggen, Jannik, et al. “Physics informed deep learning
for tracker fault detection in solar power plants” (2022).
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Fault Diagnostics of Gas Turbines
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Results: Degradation Trending and Fault diagnosis

— Physical Model ~ Hybrid PIML — Ground Truth

Residual
M oA DN A o =N

&
o

500 1000 1500 2000 2500 3000 3500 4000
Observation

Palmé Thomas et al. “Hybrid Modeling of Heavy Duty Gas
turbines for On-line Performance Monitoring” (2014).
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Use Case Il : Fault Prognostics for Aircraft Engines
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Challenge: Interpretable RUL prediction with sparse data
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Performance Model Interpretation using Degradation Data
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Results: Robust RUL Prediction with little data

Data-Driven Physics-Informed (PI)
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Summary

Solar power plants Gas turbines Aircraft engines

Synthetic fault generation Transfer learning: data- Performance model

from healthy field data driven calibration of a digital | interpretation using
twin degradation data

Anomaly detection *Degradation trending RUL prediction with
Fault localization diagnostics

Early and accurate deployment with little field data

Interpretability & extension
Acceptance of domain experts
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