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Desired Fault Detection Performance
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Depends on the specific situation!
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Fault Detection Application for Industrial Gas Turbines
v

Situations characterized by different information availability

SUPERVISED FDT

Both Healthy and Degraded
Data Available

(e.q., historical turbine fleets)

UNSUPERVISED FDT

Only Healthy Data
Available

(e.g., new turbine fleets)
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The best approach to choose depends on the type of available data
and information

lasar

>



wg Unsupervised FDT. only healthy data available

Unsupervised FDT Framework
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Supervised FDT: healthy and degraded data available

Supervised FDT Framework
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FDT: Healthy Signals Reconstruction Models

Unsupervised FDT Framework
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’ABL\"MLS Signal ReconstructionPrincipal Component Analysis (PC
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Signal Reconstruction Accurac
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Capability of accurately reconstructing the healthy
signals behavior

Best Accuracy: (PCA) C‘ Avoid False Alarms
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Signal Reconstruction Spillove
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Statistical Test for Anomaly Detection: Z-Test

Problem: is the residual distribution changing?
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w Supervised FDT: Feature Extraction & Selection
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Feature Selection: Wrapper Approac
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Unsuperwsed FDT
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RAMIS Degradation Detection: Available Informatio
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C Monitored Period: 8 months
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Gas Turbine Degradation Detection: Training of the Ma

U Which data should be used for model training?

Different signal ranges each time the turbine is turned on
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Bearing Vibration Signal
(=] - N w £ o (=] ~ f=-] ©o
T T T T T T T T ]

Time (months)

Training Set: data at the beginning of the usage period (just after turbine is turned on)
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Training Set dynamically changes
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Gas Turbine Degradation Detection: Residual Approach Res
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9 . Global RMSE
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Training Procedure (to be repeated each time turbine is turned on):
- Collect the data for a short period (e.g. 3 days) A Training Set

- Develop the PCA model A On-line signal reconstruction
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Gas Turbine Degradation Detection: Residual Approach Result
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