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N| Developing an Ensemble of Models

1. Generate the individual models of the ensemble

2. Combine the outputs of the individual models
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» Accuracy:

o What is it?

o Why ensembles?

o How?
A. Generate the individual models of the ensemble
B. Combine the outputs of the individual models

o Application: prognostics of turbofan engines




N Accuracy: What is it?

» Fault Detection:

O Low rate of False Alarm
a Low rate of Missing Alarm

Example:

Normal

. Condition
Detection /

Model

Abnormal
Condition

10

False Alarm
Rates

0,24%

Missing

Alarm
Rates

0,38%




Accuracy: What is it?

» Fault Diagnostics:
O Low Misclassification rate

Example: Vibrational C, = Inner race

signals

—

> _ _ — C,=Balls
Diagnostic
Model
—* C;=Outer race
Inner race faults - ® ® oo 0 = true
Outer race faults @ e® ® ®® @@ ® ® xBx B * = dlagnOStIC model
Balls’faults [@ e esssse e e o

Misclassification rate = 0,78%




Accuracy: What is it?

» Prognostics
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Example:
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» Accuracy:

o What is it?

o Why ensembles?

o How?
A. Generate the individual models of the ensemble
B. Combine the outputs of the individual models

o Application: prognostics of turbofan engines




Why Ensembles?

“I’ll ask the audience” "

multiple performers
individual answer

combination of the answers




Why Ensembles? [Diaghostics]

» Condorcet Jury Theorem (1786)
- 2 class problem
H classifiers (H is an odd number)
p, = probability that an individual classifier chooses the correct class
(equal for all the classifiers and all the patterns)
the classifier outcomes are independent
ensemble outcome: simple majority voting of the H classifiers

Number of votes

N
6
3 I Ensemble outcome = class 2

Class 1 Class 2

A




Why Ensembles? [Diagnostics]

» Condorcet Jury Theorem (1786)
- 2 class problem
H classifiers (H is an odd number)
p, = probability that an individual classifier chooses the correct class
(equal for all the classifiers and all the patterns)
the classifier outcomes are independent
ensemble outcome: simple majority voting of the H classifiers

—~—————

Pens = Probability that the ensemble chooses the correct class

Pens = P{majority of the classifiers choose the correct class} =

H+1 o
P {at least T+ classifiers choose the correct class} =

ZH H+1 P{k classifiers choose the correct class}=Z£I_H+1 (IZ) pf (1—pH*
T2

08 )
H—>oo
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| Why Ensembles?

» Questionable outcomes provided by ensemble of models...




| Why Ensembles?

» Questionable outcomes provided by ensemble of models...

Indipendence of the classifiers?

Matthew 27:20: But the chief priests
and the elders persuaded the crowd
to ask for Barabbas and to have Jesus

executed.
B |
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» Accuracy:

o What is it?

o Why ensembles?

o How?
A. Generate the individual models of the ensemble
B. Combine the outputs of the individual models

o Application: prognostics of turbofan engines
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» Accuracy:

o What is it?

o Why ensembles?

o How?
A. Generate the individual models of the ensemble
B. Combine the outputs of the individual models

o Application: prognostics of turbofan engines
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A. Generate the individual models of the ensemble

B. Combine the outcomes of the individual classifiers

Outcome 1 Outcome 2 Outcome H
Combination
}

Aggregated outcome

22




A: Generate the Individual Models of the Ensemble

« Diversity of the classifiers (individual classifiers make errors on
different patterns)

—~————

 The combinations improve upon the performance of the single

classifier

Classifier 1 OK
Classifier 2 OK
Classifier 3 OK
Classifier 4 KO

X

y

»

Classifier 1 OK
Classifier 2 OK
Classifier 3 KO
Classifier 4 OK

A

X

Ensemble OK

Ensemble OK

Classifier 1 OK
Classifier 2 KO
Classifier 3 OK
Classifier 4 OK

Classifier 1 KO X1

Classifier 2 OK
Classifier 3 OK
Classifier 4 OK

Ensemble OK

Ensemble OK




| D
| A: Generate the Individual Models of the Ensemble

» Training each classifier with different training patterns:
- Bagging
- Boosting
- Adaboost




A: Generate the Individual Models of the Ensemble

» The bagging algorithm

Training Set; S = {(Xk,ck), k=1..., N}
X,

Adapted from: Robi Polikar (2009), Scholarpedia, 4(1):2776 doi:10.4249/scholarpedia.2776

http://www.scholarpedia.org/article/Ensemble_learning




A: Generate the Individual Models of the Ensemble

» The bagging algorithm

Training Set; S = {()?k,ck), k=1..., N}
X,

% build bootstrap set 1 (S;)

Do k= 1:N
« Random sample a patterns of S, with
replacement
End

Adapted from: Robi Polikar (2009), Scholarpedia, 4(1):2776 doi:10.4249/scholarpedia.2776

http://www.scholarpedia.org/article/Ensemble_learning




A: Generate the Individual Models of the Ensemble

» The bagging algorithm

Training Set; S = {()?k,ck), k=1..., N}
X

2 Classifier 1— Decision Boundary 1

% build bootstrap set 1 (S;)

Do k= 1:N
« Random sample a patterns of S, with
replacement
End
« Train a classifier on Sy
« Add the classifier to the ensemble

Adapted from: Robi Polikar (2009), Scholarpedia, 4(1):2776 doi:10.4249/scholarpedia.2776

http://www.scholarpedia.org/article/Ensemble_learning




A: Generate the Individual Models of the Ensemble

» The bagging algorithm

Training Set: S ={(X,,¢ ),k =1,...,N}

Do i=1,..,H

% build bootstrap set i (S;)

Do k= 1:N
« Random sample a patterns of S, with
replacement
End
« Train a classifier on S;
 Add the classifier to the ensemble

X, End

Adapted from: Robi Polikar (2009), Scholarpedia, 4(1):2776 doi:10.4249/scholarpedia.2776

http://www.scholarpedia.org/article/Ensemble_learning




A: Generate the Individual Models of the Ensemble

||
e classification error
correct classification
X Classifier 1— Decision Boundar Classifier 2 — Dgcision Boundary 2~ ) Classifier 3 — D

correct classification classification error

Adapted from: Robi Polikar (2009), Scholarpedia, 4(1):2776 doi:10.4249/scholarpedia.2776

http://www.scholarpedia.org/article/Ensemble_learning
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» Accuracy:

o What is it?

o Why ensembles?

o How?
A. Generate the individual models of the ensemble
B. Combine the outputs of the individual models

o Application: prognostics of turbofan engines
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N| B: Combine the OQutcomes of the Individual Models

A. Generate the individual models of the ensemble

B. Combine the outcomes of the individual classifiers

Outcome 1 Outcome 2 Outcome H
Combination
}

Aggregated outcome

31
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N| B: Combine the Outcomes of the Individual Models

> Simple majority voting: choose the class with the associated
largest number of votes

| | | | | . |
O O O O O O O

Combination

Number
of votes
Aggregated outcome
\
O

Class1 / Class2

32




B: Combine the OQutcomes of the Individual Models

» Dynamic Approach: R Test pattern: @

Validation set: O

Step 1. Identify the k-nearest
neighbours of the test pattern in
a validation set

Step 2: Estimate local performance of

classifier 1 ... h H

the ensemble individual 1st nearest neighbor OK OK KO
classifiers on the k-nearest 27 nearest neighbor KO OK KO
nelghbours 3 nearest neighbor OK OK OK
Model vote o local performance Model vote « Local performance 2/3 1 1/3
; classifier 1 ... h .. H
Step 3: Assign the test pattern to the

. . vote 2/3 1 1/3
class with the associated largest :
vote ® Class assigned to the test pattern ® ® ®




B: Combine the Outcomes of the Individual Models

> Dynamic Approach:
* model vote depends from the test pattern position

* model h vote proportional to model h classification performance on
patterns similar to the test pattern

A Test pattern: @
i Validation set: O
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» Accuracy:

o What is it?

o Why ensembles?

o How?
A. Generate the individual models of the ensemble
B. Combine the outputs of the individual models

o Application: prognostics of turbofan engines
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Application: Prognostics of Turbofan Engines

s

Ensemble of Echo-
State Networks

v

Test Transient Number 47
T

T
----- Real RUL
Predicted RUL ||

0 20 40 60




Application: Prognostics of Turbofan Engines

» The C-MAPPS dataset*
- 260 run-to-failure trajectories

- 21 measured signals + 3 signals representative of the operating
conditions

- 6 different operating conditions

Signal 4

Trajectory 5 Trajectory 5
1450 . 2 ,
1400 | <+ 15¢
T
1350 | 5
o 17
1300 | E
2 05
1250 =
©
1200 S ot
ks
1150 N
< 0.5
1100 g
Z 1k
1050 Data
1000 , , . Preprocessing** s . , ,
0 100 200 300 400 0 100 200 300 400
Time Time

* A. Saxena, K. Goebel, D. Simon, N. Eklund, Damage propagation modeling for aircraft engine run-to-failure simulation, PHM2008
**M. Rigamonti, P. Baraldi, E. Zio, I. Roychoudhury, K. Goebel, S. Poll, Echo State Network for Remaining Useful Life Prediction of a

Turbofan Engine, PHM 2016, Bilbao




Application: Prognostics of Turbofan Engines

> Ensemble individual model: echo state network*

L Input Units N Internal Units
) o oW ) )
L) W - < ‘ L Y 4 out
)\ : . RUL(1)
xXi(1) TN N | ~ \
X,5(1) - Y s\ ~ i .
_2\ RO e P * Non linear modeling
A _ o j-'"' — Y
@ Echo state network \_/ * Memory Property
o / . .
* Intrinsic dynamic
7 back characteristics

*M. Rigamonti, P. Baraldi, E. Zio, I. Roychoudhury, K. Goebel, S. Poll, Echo State Network
for Remaining Useful Life Prediction of a Turbofan Engine, PHM 2016, Bilbao
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A. Generate the individual models of the ensemble

B. Combine the outcomes of the individual classifiers

Outcome 1 Outcome 2 Outcome H
Combination
}

Aggregated outcome

39




Application: Prognostics of Turbofan Engines

» Generate the Individual Models of the Ensemble: Bagging

Bagging Set 1 Echo State
: . : : Trajectory: Network
70 run-to-failure training trajectories 2 15,24, 54, 68 1
25
2 L
Bagging Set 2 Echo State
1or Trajectory: Network
S L 5,11, 44,54, 55 2
g osf —_—
OF, /»“’
05F |
p Q ,“ Y T
-1.5 |
400
Bagging Set H Echo State
Trajectory: Network
6, 35, 39, 44, 68 H=25
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A. Generate the individual models of the ensemble

B. Combine the outcomes of the individual classifiers

Outcome 1 Outcome 2 Outcome H
Combination
}

Aggregated outcome

41




Application: Prognostics of Turbofan Engines
|

» Combine the outputs of the individual models: dynamic approach

25

Test Trajectory

Validation Set Trajectories

* Identify the K trajectories of
the validation set most similar
to the test trajectory®

x(t)

, A'«"/ ’W(
Y ﬂﬁm&w/f:ﬂf

4 WWW"
Ui oy
ki
1 ) 5 | | 1 1 | | |
0 50 100 150 200 250 300 350 400
Time

*Zio, E., Di Maio, F. A data-driven fuzzy approach for predicting the remaining useful life in dynamic failure
scenarios of a nuclear system (2010) Reliability Engineering and System Safety, 95 (1), pp. 49-57.




Application: Prognostics of Turbofan Engines

» Combine the outputs of the individual models: dynamic approach

* Identify the K trajectories of
the validation set most similar
to the test trajectory

251

1 1 1 |

0 50 100 150 200 250 300 350 400
Time




Application: Prognostics of Turbofan Engines

» Combine the outputs of the individual models: dynamic approach

ESN [ESN| ... | ESN | ° !dentify the K trajectories of the
validation set most similar to the

1 2 H test trajectory
RUL Pre<.11cj[10n error on the  Estimate the individual ESN
most similar trajectory 3.11 1.88 e 2.01 . .

error on the K trajectories of
the validation set most similar

RUL Prediction error on the to the test trajectory

2" most similar trajectory

1.89 13.13 3.90

RUL Prediction error on the

3nd t similar traject
most similar I‘a_]GC ory 2‘00 6,99 5’09




Application: Prognostics of Turbofan Engines

» Combine the outputs of the individual models: dynamic approach

ESN1 | ESN 2 ESN H
RUL Prediction error
on the most similar 3.11 1.88 2.01
trajectory
RUL Prediction error
on the 2™ most 1.89 13.13 3.90
similar trajectory
RUL Prediction error
on the 3" most 2.00 6,99 5,09
similar trajectory
Local Error
2.66 7.33 5.00

(LE)

 Identify the K trajectories of the

validation set most similar to the
test trajectory

Estimate the individual ESN
error on the K trajectories of the
validation set most similar to the
test trajectory

Estimate the individual ESN
local errors as average of the
individual ESN error on the K
most similar trajectories




Application: Prognostics of Turbofan Engines

» Combine the outputs of the individual models: dynamic approach

Identify the K trajectories of the

validation set most similar to the

ESN1 | ESN 2 ESNH test trajectory
RUL Prediction error . C g
on the most similar 3.11 1.88 2.01 * Estimate the 1n.le1d1.1al ESN
trajectory error on the K trajectories of the
RUL Prediction error validation set most similar to the
on the 2 most 1.89 13.13 3.90 test trajectory
similar trajectory « Estimate the individual ESN
RUL Prediction error local error as average of the
on the 3" most 2.00 6,99 5,09 individual ESN errors on the k
similar trajectory most similar trajectories
Local Error
(LE) 2.66 733 5.00  Assign a weight to each model:
- 1
Model Weight 0.52 0.19 0.29 —
o — LEi
>l
= LE;




Application: Prognostics of Turbofan Engines

» Combine the outputs of the individual models: dynamic approach

ESN1 | ESN 2 ESN H
RUL Prediction error
on the most similar 3.11 1.88 2.01
trajectory
RUL Prediction error
on the 2™ most 1.89 13.13 3.90
similar trajectory
RUL Prediction error
on the 3" most 2.00 6,99 5,09
similar trajectory
Local Error
(LE) 2.66 7.33 5.00 *
Model Weight 0.52 0.19 0.29

Identify the K trajectories of the
validation set most similar to the
test trajectory

Estimate the individual ESN
errors on the K trajectories of the
validation set most similar to the
test trajectory

Estimate the individual ESN
local errors as average of the
individual ESN errors on the K
most similar trajectories

Assign a weight to each model

Compute the RUL prediction
sum of the
model

as weighted
individual
predictions:

RUL




Application: Prognostics of Turbofan Engines

|| I
» Results
Test Trajectory 8
200 T T T T T T
N = == Real RUL
180 - ~ — Sinale Echo State Network |
s N === Dynamic Ensemble
160 - ~ — —_— |
140
120
I
3 100
o

80

60

40

20

20 40 60 80 100 120 140 160 180
Time

- I POLITECNICO DI MILANO
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pplication: Prognostics of Turbofan Engines 4

» Results — Prognostic Metrics (70 test trajectories)

time.

0.476 + 0.041 0.390 + 0.052 4,968 £1.213
0.417 £ 0.031 0.400 + 0.049 4.444 1+ 0.326
0.369 £+ 0.029 0.421 £+ 0.028 4414 + 0.319

B POLITECNICO DI MILANO




Application: Prognostics of Turbofan Engines

» Results — Comparison between different approaches for the
aggregation of the individual model outputs

RUL

45

test trajectory 22

40 G,

35

30 |

25

20 -

15 -

10 -

= True RUL
Ensemble: Aggregation = Simple Average
= Ensemble: Aggregation = Dynamic approach

35 40 45 50 55 60

POLITECNICO DI MILANO




Application: Prognostics of Turbofan Engines

» Results — Analysis of the individual model weights

RUL Prediction Error

80

60

40 -

20

20 +

40 L

-60 |

-80

Test Trajectory 22, t=52
I T T

== ENsemble: Aggregation = dynamic approach
¥ Error of the indidvidual Echo State Network | |
I
[
[
|
| x
x| X
I x ¥ T‘
£ ks
x X |
X % :
|
I
[
|
x X
I
| 1 1
0 0.05 0.1

Weight of the individual model

0.15

larger the weight

v

better the prediction

POLITECNICO DI MILANO
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» Ensembles of Models for Prognostics and Health
Management (PHM):

o Accuracy
o Confidence Estimation
o Incremental Learning
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> Confidence estimation:

o What is it?

o Why ensembles?

o How?

o Application: prognostics of turbine blades

- I POLITECNICO DI MILANO




N Confidence estimation: what is it?

-

~""1s my prognostic
' model a magician?

_________

The pump is going to falil
in: 77 hours, 25 minutes,
18 seconds

54




N Confidence estimation: what is it?

~""Is my prognostic
. model a magician?

_________

The pump is going to falil
— in: 77 hours, 25 minutes,
18 seconds

-

" | believe it! | will do
maintenance within 3

The pump is going to fail in
—> the interval [72, 84 hours]
with probability 95%

55




Confidence estimation: what is it?

2500 I I L L

2000

=
]
o
o

RUL [days]

=
o
o
o

95% prediction interval

m—=True RUL
°* Predicted RUL

500

r r
0 500 1000 1500 2000

Time [days]
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> Confidence estimation:

o What is it?

o Why ensembles?

o How?

o Application: prognostics of turbine blades




I
| Why ensemble? [Diagnostics]

» Single model outcome distribution = information on the

confidence
Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7
O O O O O O O
Combination
}
Aggregated outcome: O

Confidence: high




I
| Why ensemble? [Diagnostics]

» Single model outcome distribution = information on the

confidence
Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7
O O O O O O O
Combination
¥

Aggregated outcome: (O

Confidence: Low (it could also be @ )
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> Confidence estimation:

o What is it?

o Why ensembles?

o How?

oApplication: prognostics of turbine blades




How? [prognostics]

» Sources of Uncertainty in Prognostics
1) noise on the observations (measurements)

Elongation
X

Failure Threshold

Noise on ! e True elongation
degradation |

measurement

e Elongation measure

Time

POLITECNICO DI MILANO




How? [prognostics]

» Sources of Uncertainty in Prognostics
1) noise on the observations (measurements)

2) Intrinsic stochasticity due to the degradation process and unknown
future external/operational conditions (process)

Elongation
X A/-/_//Failure Threshold

N
7

t Time

POLITECNICO DI MILANO




How? [prognostics]
| I
» Sources of Uncertainty in Prognostics

1) noise on the observations (measurements)

2) intrinsic stochasticity due to the degradation process and unknown
future external/operational conditions (process)

3) modeling errors, i.e. inaccuracy of the PHM model used to
perform the prediction (model)

—~———
How to quantify uncertainty on the RUL prediction ?7??

X 10°

—RUL pdf estimate
% True RUL

= N w » [¢)] ]
T T T T T

o

0 500 1000 1500 2000 2500 3000 3500

RUL

POLITECNICO DI MILANO




How? [prognostics]

 Prediction error:

c = rul — ril

Prognostic
Model

Present
Time

—r _time

Predicted Failure Fajlure

\ ' |
RUL

- I POLITECNICO DI MILANO




How? [prognostics]

> Prediction error:

e =rul —ril Random Variable!
» Assumptions:

- Ele] = 0 (the prognostic model is unbiased)
- & has a normal distribution

- I POLITECNICO DI MILANO




How? [prognostics]

> Prediction error:

c = rul — ril

» Assumptions:

E[e] = 0 (the prognostic model is unbiased)

¢ has a normal distribution

—~———

» Objective: Var[e] = 02 = E[(rul — riil )?]

0.4r
0.35¢
0.3
0.25¢
0.2r
0.15f

pdf

0.1
0.05r

POLITECNICO DI MILANO




How? [prognostics]

|
» Prediction error:
e =rul —riil
» Assumptions:

- Ele] = 0 (the prognostic model is unbiased)
- & has a normal distribution

e
» Objective: Var[e] = 02 = E[(rul — riil )?]

.41 0.4}
0.35- 0,35,
0.3" 0l
« 025 _ oz8l
< 0.2r 1 8 4.
0.15¢ 0.15}
0.1 01k
0.05 0.05. |
% 5 0 5 £lo % < . 5 gl
rilR

- I POLITECNICO DI MILANO




How? [prognostics]
|
» Prediction error:
e =rul —riil
» Assumptions:

E[e] = 0 (the prognostic model is unbiased)

¢ has a normal distribution

—~———

» Objective: Var[e] = 02 = E[(rul — riil )?]

0.4r
0.35-

Prediction Interval: 03
P(ruls < rul <rulss) =90%  5°7
with: o1el
rul, = ril — c%o;, 01

0.051

9

0

-5

5 :
RUL
POLITECNICO DI MILANO




How? [prognostics]

» Sources of uncertainty in prognostics

1) Measurements

2) Degradation Process - Opp

3) Modeling Error

—~———

2
- OiE
2

2
- 0o

» Prediction error decomposition

Var|e]| =

o;

_ 2 2, 2
= OygtTOprTOM0

POLITECNICO DI MILANO




How? [prognostics]

» Model uncertainty estimate: G,f,lo

ral 1
> Model 1
v # il
X(t,)) > Model2 —— o] = &=t Ensemble
d ) H RUL
_ prediction
ral H l
—> Model H
H o Y
o2, = imq (ral; —ral) Model
H-1 uncertainty

(Heskes, 1997) T. Heskes. Practical confidence and prediction intervals in Advances Neural Information Processing Systems 9, M. Mozer, M.

Jordan, and T. Heskes, Eds. Cambridge, MA: MIT Press, 1997, pp. 466-472.
- I POLITECNICO DI MILANO




N How? [prognostics] e

2 2
> Process and measurement uncertainty estimate: Zrr T Ome

TRAINING
DATASET

Test pattern:
Current degradation measuraments

)_((tp) GF2>R+G|3/|E

7z

N e e




How? [prognostics]

. . 2 2
> Process and measurement uncertainty estimate: Opg + Oy

TRAINING DATASET

(%; (rul = ral)? — 62, )
\ J

e E[(rul =ra?]-o7, =

2 2
Test pattern: \’ =0, ~Omo =
Current degradation measuraments

X(t,)

2 2 2 2
=Opgr TO e T Opo “Onmo =

}

2 2
Opgr T O\E

\4

POLITECNICO DI MILANO



N How? [prognostics] 73

. . 2 2
» Process and measurement uncertainty estimate: Opr + 0
Validation dataset
(%; rul)

Failure A
Threshold [~~~ 77T T

X (t) | TRAINING DATASET
> >rul”~

o (% (rut - ran)? — o2, )

Test pattern:
Current degradation measuraments

X(t,)

2 2
Opr t+ OvE

POLITECNICO DI MILANO



N How? [prognostics] B

. . 2 2
> Process and measurement uncertainty estimate: Opg + Oy

Validation dataset

(%; rul)
> Y S E bl >
Tr|1:raei!suhr§|d/: """""""""" CCJ- & Ofnrili?els L
X (t) | TRAINING DATASET
>rul~>

| ' ‘> 7. 2 )
' (x,(rul—- —-)

Test pattern:
Current degradation measuraments

X(t,)

2 2
GPR-I_GME\

POLITECNICO DI MILANO



N How? [prognostics] 75
||
ral 1
—p Model 1
H A
—  Node| 2 =—— Tﬁl —_ i=1rull
R —
> H
ral H
—» Model H
X(t.) o (ral, — ral)?
Y 0_2 _ =1 l
— MO H_1

> 2 2 2 2 2
Opr T One O, =0pg TOWye TO\o

N POLITECNICO DI MILANO
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> Confidence estimation:

o What is it?

o Why ensembles?

o How?

o Application: prognostics of turbine blades

- I POLITECNICO DI MILANO




Application: prognostics of turbine blades

» Turbine Blade Creep Propagation

Component: turbine blade
Degradation mechanism: creep
Degradation indicator: blade elongation

(t) = Length(t) - initial length
A= initial length

—r——
o — G

Original
gauge length

Plastic
deformationI

Gauge length
at failure

Original diameter d

Reduction in Diameter at failure

diameter
- I POLITECNICO DI MILANO




Application: prognostics of turbine blades

> Avallable Information

« Failure threshold (1.5%)
« Historical sequences of elongation measurements in turbine blades
(13 run-to-failure trajectories)

elongation _
d el 2 e es™ Failure Threshold

Time
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Application: prognostics of turbine blades

> Avallable Information

* Failure threshold
« Historical sequences of elongation measurements in turbine blades
« Seguence of elongation measurements of the turbine blade under

observation
elongation
x(t) e _Failure Threshold
[ ) ..
[ )
e ©
e ®*

Time
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Application: prognostics of turbine blades

» Ensemble of Bootstrapped Models

Training data
Creep strain 10 training run-to-failure

trajectories

measurements

Bagging

elongation

x(t) | St T L ttee"" Failure Threshold

7

Time

POLITECNICO DI MILANO




Application: prognostics of turbine blades

» Ensemble of Bootstrapped Models

Training data
Creep strain
measurements

Bagging

elongation

x(t) -

A2

Subset 1

Failure
Threshold

Time
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Application: prognostics of turbine blades

Training data
Creep strain
measurements

Bootstrap

elongation

x(t) -

Subset 1

——————————————— e - -

Failure
Threshold

> Time
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Application: prognostics of turbine blades

» Ensemble of Bootstrapped Models

Training data
Creep strain
measurements

Bagging L >| Subset 2
Subset 1 L
elongation 2’
/ Failure
X(t) [T e A A Threshold
Time
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Application: prognostics of turbine blades

Training data
Creep strain
measurements

Bagging

elongation

x(t)

Subset 2

—>1 Model 2

Subset 1

Model 1

Failure
Threshold

Time
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Application: prognostics of turbine blades

Training data
Creep strain

Subset
measurements 1 w25 |
[...]
Bagging L Subset 2 —>| Model 2
Subset 1 Model 1

elongation

x(t)
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Application: prognostics of turbine blades

Training data

Creep strain
measurements > Subset H Model H
[...] [...]
Bagging L Subset 2 —>| Model 2
Subset 1 Model 1

elongation

x(t) ]
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Application: prognostics of turbine blades

» Ensemble of Bootstrapped Models

Training data
Creep strain > Subset H Model H |—> rdly
measurements
[...] [...]
Bagging L Subset 2 Model 2 | Aggregation
Subset 1 >
elongatiorf
X (t) Failure Threshold
t Time g

POLITECNICO DI MILANO




Application: prognostics of turbine blades

» Ensemble of Bootstrapped Models

Training data
Creep strain
measurements

VY

Subset H

T ]

Bagging

Subset 2

Model H

]

Subset 1

Model 2

—~>{ Model 1

Aggregation
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N| Application: prognostics of turbine blades o

X(t,) 3 validation

run-to-failure trajectories

v

2 2
Opr +O\E

B POLITECNICO DI MILANO




N Application: prognostics of turbine blades o
||
ral 1
—> Model 1
H N\
—> Model 2 =— riil = i=1 Tl
> " H
ral H
—» Model H
X(tp) 2 i (il — ral)?
S MO T —1

> 2 2 2 2 2
Opr T One O, =0pg TOWye TO\o
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Application: prognostics of turbine blades

» RUL prediction with cprediction bounds (90% confidence interval)

2500 ¢

2000

[EE
o)
o
o

RUL [days]

=
o
o
o

500

90% prediction interval

True RUL
°  Predicted RUL
i § r r
500 1000 1500 2000
Time [days]
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I
| Application: prognostics of turbine blades

» Uncertainty estimate

200
—TTUE
w190 Bootstrap
E estimate
5" 100
o)
50
O. . .
0 0.5 1 1.5

Elongation x(t)
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| D
| Tutorial Contents
|

» Ensembles of Models for Prognostics and Health
Management (PHM):

o Accuracy
o Confidence Estimation
o Incremental Learning
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» Incremental learning:

o What is it?

o Why ensembles?

o How?

o Application: fault diagnostics in a nuclear power plant
system
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|Incremental learning: What is it? [fault detection]

time = t;

X2 4 >4

v
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|Incremental learning: What is it? [fault detection]

»

time = ¢4

X

v

time = ¢,

Evolving environment...
Context Change...

X1
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Incremental learning: What is it? [fault detection]

»

time = ¢4

X

X2

time = ¢,

Incremental learning

A

[
»

X1
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Incremental learning: What is it? [fault diagnostics]

DATA , ON LINE OPERATION
COLLECTION 1 OF DM,

\1/ rd

time

Dataset 1
*Operational condition O,
*Faults of classes {C; .C, }@ @
*N, patterns  (x;, x5, c*

X
2 ®ee
o o0

Diagnostic model | ,* ©t ¢

DM,

- C, @
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Incremental learning: What is it? [fault diagnostics]

. ] Performance of DM;:
Diagnostics OK

s

* Operational condition: O,
* Faults of classes {C,,C,}

DATA , ON LINE OPERATION
COLLECTION 1 OF DM,

7 >

time

Dataset 1
*Operational condition O,
*Faults of classes {C; C,.,} @ @
-N, patterns fxlk,xﬁ,ck)
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Incremental learning: What is it? [fault diagnostics]

u  C——E———————————,———
Performance of DM;:

OK
.
* Operational condition: O,
* Faults of classes {C,,C,}

\
DATA [ |

COLLECTION tll [P time
\1/ A i

! o

Dataset 1 %
«Operational condition O, * () )

*Faults of classes {C; C,.} @ @
*N, patterns fxf X, c¥) NEW: Qe
e faultof anewclassC, O g
* Change in the operational condition: O, 2 O,
—~—
Possible change of the input-output
relationship

- I POLITECNICO DI MILANO




Incremental learning: What is it? [fault diagnostics]

m A C——
Performance of DM;:
OK Performance of DM, decreases
e
* Operational condition: O,
- Faults of classes {C,,C,} i
A
DATA { o | \
COLLECTION tll b _
| >time
v I \
@)

Dataset 1 %
«Operational condition O, () )

*Faults of classes {C; C,.,} @ @ o
*N, patterns fxf X, c¥) NEW: ‘..
* fault of a new class C, @) >
X * Change in the operational condition: O, 2 O,
’ o® Oe® —~

Possible change of the input-output
relationship
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Incremental learning: What is it? [fault diagnostics]

m
DATA DATA
COLLECTION t|1 ltz COLLECTION 15
‘ |
\% | g
v ' time
Dataset 1 v A -
*Operational conditions O,
Dataset 2
“Faults of classe iclk ’Ck2 10 @ *Operational conditions O o0 @
*N, patterns (X, X;,C ) 2 00
L 12 *Faults of classes {C,,C,,C,} ®
*N, new patterns ‘..
g >
Diagnostic model Discard DM,

DM,

Train a New Diagnostic Model (DM*) using

(Dataset 1+ Dataset 2)
v

Loss of all previously acquired knowledge

catastrophic _ .
P Computational and financial efforts necessary for each

forgetting

model retraining
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Incremental learning: What is it? [fault diagnostics]

m
Performance of DM,:
OK
e
ON LINE
OPERATION
DATA » OF DM
DATA 2
COLLECTION Y t% COLLECTION |
| | 2
v f ' time
Dataset 1 \%
*Operational condition O, >
*Faults of classes {C, .C,,} @ @ _ Dataset
K ok K *Operational condition O,
*N, patterns |\X;,X,,C
*Faults of classes {C,,C,,C;}
*N, new patterns
v
Diagnostic model —
DM, — « Learn the novel information content of Dataset 2
without forgetting the previously acquired knowledge
Incremental

— by DM,
 Update the model without requiring access to the
___previously seen datasets

v

DM,
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S _

» Incremental learning:

o What is it?

o Why ensembles?

o How?

o Application: fault diagnostics in a nuclear power plant
system
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N Why ensembles? [Diagnostics]

» Ensemble of ensembles for novelty identifiability

ON LINE
OPERATION
4 ‘ OF DM, .
v time
NEW:
Dataset 1 * fault of a new class Cj,

*N, patterns

*Faults of classes C,,C, =

Performance DM1

g decreases

v

Collect Dataset 2
*N, patterns
* Faults of classes C,, C,,C,

v

IE:3
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S _

» Incremental learning:

o What is it?

o Why ensembles?

o How?

o Application: fault diagnostics in a nuclear power plant
system
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How?

1. AdaBoost
2. Ensemble of Ensembles
3. Consult and vote procedure
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How?

1. Adaboost:

A Original dataset S

Seguential production of classifiers
Each classifier is dependent from the previous one

Patterns that are incorrectly classified by previous classifiers are

chosen more often for the next classifier training

A
X X
XX %X 0000 0O X X X
X XXX 00 © ix gxx 08 g
Xy x 3 g 2 0 X X 500
X X 0 *% X 0 0
X X 6]
>
Sample Bootstrapped Training A
dataset 1
(Uniform Distribution -
2 (p,(k)=1/N, k=1...,N)) X x> ;

X X 0 8 02 . ‘g X § 00 02
2% %o 9 % Build a classifier  |Model, 2x Xxx o Do
XXX 00 (o] § X 02

3y o 02 3 xfo
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How?

1. Adaboost:
= Sequential production of classifiers
= Each classifier is dependent from the previous one
= Examples that are incorrectly classified by previous classifiers are

chosen more often for the next classifier training

A Original dataset S

X X
X
% o%og of *Update p,(k)
X X 0 o 000 o
X))gXX X0 8 0
>
Sample Bootstrapped Training
! ! dataset 2
Current Distribution
( Model,
A (Po(K))
X X .
,x X 300 o2 Continue... Model9
X X))éx 20 0O
0 0O
XX X 03 o
>
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How?
||

1. AdaBoost:;

= Sequential production of classifiers
= Each classifier is dependent from the previous one

= Examples that are incorrectly classified by previous classifiers are
chosen more often for the next classifier training

A Original dataset S

" gix 0% o *Update p,(k)
iXXX 8 ° 000 °
XX X 8 0
>
Sample Bootstrapped Training
! ! dataset 2
Current Distribution
( Model,
A (Po(K))
:ixx 30 0 02 Continue... Model,,
X XXX 2 0
0 0O
5 X (o]
> Model,,

v

Aa
»r

Final

o
- o
Classification
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How? Ensemble of Ensembles

Dataset S,

2. Ensemble of Ensembles
From each dataset S,,
S,, ... which becomes
avallable, an ensemble
of classifiers is
generated

Feature 2

Feature 1
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How? Consult and vote

* A vote IS associated to

each classifier

* Classifiers consult !
each other to determine

their voting weight

ey SR rﬁfééf'e“éﬂﬁe Ehethbit el e SRS “?2&%?%.%%?5%@5“ o

Testing with new, class — 4 data

Adapted from: M. Muhlbaier, A. Topalis, and R. Polikar, “Learn++.nc: Combining ensemble of classifiers with dynamically
weighted consult-and-vote for efficient incremental learning of new classes.” IEEE Transactions on Neural Networks, vol. 20(1),

pp. 152-168, 2009
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» Incremental learning:

o What is it?

o Why ensembles?

o How?

o Application: fault diagnostics in a nuclear power plant
system
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Application: fault diagnostics in a nuclear power plant system

» Forsmark 3 BWR Nuclear Power Plant (Sweden)

e r
a21ves ] I
. 422CA1

2.4mPa p l1_5,:~>a o
c

VB1 ‘L VB11 ‘17 VB13 ves ve4

224¢

VA31 5461“2 82 s VA9 VA10

00 F

Fo6

VB12 e
— Y] peue] F7 BN Y IR

VBS

461TA2 461TA2

AS v* —> < 461
463vE8 463 F3 G
463EA2 R463EA1 VB o

215¢ 193¢ :

' sl
LD 34— /‘/ 422 PN
463VB14 1. 15"‘

2
463VB16 2

463VA19

463VA21 SalpR

L3=1.63m stopp 463PX1

463VB17

F2 £

463PB1M1

*
8.00 mra

S vss
463VA
453532 171c
463VB321
= E 215¢ 192¢ SRR | herlialal
Yo ===
463VB322
463PATM1

463VA1 4
463VA16
463VA17

Data provided by the Institute for Energy - Halden Reactor Project (Norway)
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Application: fault diagnostics in a nuclear power plant system

» System faults:
C, - Leakage in the first high pressure preheater to the drain tank
C, - Leakage through the second high-pressure preheater
C; - Leakage through the first high pressure preheater Drain back-up
valve to the condenser
C, - Leakage through the high-pressure preheaters bypass valve

C. - Leakage through the second high-pressure preheater drain back-up
valve to the feedwater tank
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Application: fault diagnostics in a nuclear power plant system

» Signals Selected for the classification:
- Temperature in drain 4 before VB3 [C]
- Water level in tank TD1 [m]
- Feedwater Temperature after EA2 in train A ['C]
- Feedwater Temperature after EB2 in train B ['C]
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Application: fault diagnostics in a nuclear power plant system

» Dataset 1
Number of patterns
Training Normal Class 1 Class 2 Class 3 Class 4 Class 5
Dataset
S, 90 60 60 60 60 -

Number of classifiers: 10
Ensemble base classifiers: neural network

—~—— All patterns of class 5 are
misclassified!

Diagnostic Model DM,

F Testset classes Performance

S, Test 1,2,3,4 0.981

S, Test 12,343 0.830
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Application: fault diagnostics in a nuclear power plant system

> Classification of a Transient of Class 1

14
1.0 S O e B
0o ] i
-lq—') 0.8 -
> o High V
0.7 4
8 0.6 e 71
NS ——F2 —
© 04 ——F3
- : ——F4 ) )
5 " High Confidence
> 0.2
0.1
0.0 i E.Z.J‘ac I S A S 0 S
0.1 T T T T T T T T T T T
o 50 100 150 200 250 I

time
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Application: fault diagnostics in a nuclear power plant system

> Classification of a Transient of Class 5

Normalized Vote

«0.1

1.1

1.0 -
0.9 4

0.8

Y

—_—
e ] =—="r—F2
i e F 3 ——F4

Low Vote

0.7 _-
0.6
0.5 —-
0.4
0.3 —-

0.2

WL il P e i

o a-sononooso- | ow Confidence

—~——

0.1 4

oo -

ol o ol el ol
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Application: fault diagnostics in a nuclear power plant system

» Dataset 2

Number of patterns

Training Normal Class Class2 Class3 Class4 Classb5

Dataset 1
S; 90 60 60 60 60 -
S, 90 60 60 60 90 60

v

Update of diagnostic model DM, with 10 new classifiers
v

Diagnostic Model DM2

Testset classes Performance

S, Test 1,2,3.4 0.984
S, Test 1,2,3,4,5 0.987
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Application: fault diagnostics in a nuclear power plant system

> Classification of a Transient of Class 5

1.1
o 104 R S U S S S S T S S S S S U S S S - -
45 e N N N Ny e Ny

0.9 4
> |

(1. ]
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E D& ] ey R
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O 04 — Fd
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0.0 o e e e D B e e B
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Conclusions

» Ensembles of Models for PHM:
o Accuracy
o Confidence Estimation
o Incremental Learning
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