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wﬁ Unsupervised Fault Detection: Performance Evaluation
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Desired Fault Detection Performance
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Depends on the specific situation!

NO Missed Alarms NO False Alarms Teston True Positive Rate (TPR)
False Alarms Tolerated NO Missed Alarms Abnormal .
Condition # Detection

- (Satellite Launch) SAFETY FIRST: Data # Test Trajectories

E (Aircraft Takeoff) Avoid Missed Alarms

2 (Shuttle Launch)

A

5 False Positive Rate (FPR)

2 fest on # Detection

L)

= Missed Alarms Tolerated NO False Alarms ngll: 2 y #Test Traiectori

= False Alarms Tolerated Missed Alarms Tolerated est I rajectories
(Vehicle Air Conditioning) (Industrial assembly line)

System Unavailability Cost

lasar

»



’A’R"@MLS Fault Detection Tool: Real Industrial Context
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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
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Mg 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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d PCA

obs

Signal Reconstruction - Principal Component Analysis (PCA)

Historical Signal Measurements
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/—H—L\M—LE Signal Reconstruction Spillover

Real Signal
measurements reconstructions
obs A ne
X M X
1
Abnormal | —— 1 —. o [\\
Condition » M o t
Test data X3 b
E sV NO
AN /\,im
ot L L .t oK
1
12 T - = T . . I 12 T T T Iu -
10 _girarzged PCA Im girarlsrged SOM i Im
PCA Rec ——S0M Rec
B ‘ I 8 Ia
8 ﬁl 6 Ie
2 n‘w | - il
2 4 'R ) 2
Ll .
AR ARAAETIT 0L AR LA o ot H'
1 * I - |1l|||"|n|\ " L' o |0 In‘ W I
) I 2 i I
-4 1 . ! . ! 1 | | | | | | | |
0 1000 2000 3000 4000 5000 60 0 1000 2000 3000 4000 5000 6000
Time T_D J— IDD_D _ZDDG_ _?_ﬂ N — _600(1 Time

. Capability of accurately reconstructing a healthy signal in
) | spillover | PRI v ting a healthy sig

presence of other anomalous signals in the dataset

Best Spillover: (SOM) II- More precise diagnosis of the
anomaly

A lasar




I\RI\'VIIS

reliable innovation

Statistical Test for Anomaly Detection: Z-Test

Problem: is the residual distribution changing?
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Parameters to optimize
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A lasar



LAMIS Supervised FDT
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Feature Selection: Wrapper Approach

f1(t) ~
. Feature Selector 0
£;(®) — S
: > f2(t)
fn(t) =
>/ We
Biallaan fie ()
(Classification Accuracy) .
OPTIMAL
FEATURE
Classification SUBSET
N Model «
FEATURES (ANN) K<<N

A lasar



PARNAMIS

reliable innovation

Unsupervised FDT: Gas Turbine Degradation Detection

Unsupervised FDT
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RAMIS Degradation Detection: Available Information
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O Monitored Period: 8 months
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HAMIS Gas Turbine Degradation Detection: Training of the Model

» Which data should be used for model training?

Different signal ranges each time the turbine is turned on

Trainingi

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)

—~———

Training Set dynamically changes
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Gas Turbine Degradation Detection: Residual Approach Results

10 -

9 . Global RMSE
- Selected Intervals

8 Investigated Periods

Training Procedure (to be repeated each time turbine is turned on):
- Collect the data for a short period (e.g. 3 days) - Training Set

- Develop the PCA model = On-line signal reconstruction
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Supervised FDT: Gas Turbine Degradation Assessment

Supervised FDT
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O Monitored Period: 8 months

O Monitored Signals (155)
» 98 Operating Conditions
« 32 Vibrations
» 25 from Combustion Chamber

O Operating Conditions

> Transient
* 61 transients

» 31 Shutdown
» 21 Cold Start-up
» 9 Hot Start-up

» 54793 patterns (1 every second)
[Feature Values (No raw data)]

Supervised FDT: Gas Turbine Degradation Assessment
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y — === Gas Turbine Degradation Assessment: Feature Extraction and Selection
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Mﬁ Gas Turbine Degradation Assessment : Results

« Shutdown transients
« 3 KNOWN classes (in accordance to previous analysis):

= Healthy
= Partially Degraded
= Severely Degraded
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Predictive Maintenance FDT: Conclusions

» Fault Detection Tool (FDT) for Predictive Maintenance

0 Unsupervised FDT (Only healthy data)
» Modules: Signal Reconstruction + Residual Statistical test
= Application: Turbine degradation onset detection

» Results: Degradation onset detection one month and a half in advance
with respect to the turbine failure

O Supervised FDT (Both healthy and degraded data)

= Modules: Feature Extraction + Feature Selection + Classification

= Application: Turbine degradation assessment

» Results: Accurate degradation classification. Identification of a
monotonic degradation indicator to be used for failure prediction.
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Business
Goals

* Maximize Revenues
* Environmental Safety

Business Decision Making Model

Predictive Maintenance Ultimate Goal: Integration into the Business Model




