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1.1) PHM, Fault Diagnosis and Failure Prognosis
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1.1) PHM, Fault Diagnosis and Failure Prognosis
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1.2) Process Monitoring: Virtual Sensors and PLS

< A
S ;ﬁ Much data N
o = from many Data-driven \
Z '3 similar ‘\techniques are
— . . c /
S = situations | “_ appropriate -
g q_) \\ g
Y \\~--—’/
S5
(n T ~
O . ~.
‘45 O // . \\
> s . Unreliable ~
I \ . o
2 Few | . health ! modeling is
— \ / 4
g2 Data \_assessments - appropriate
®© G.J \\ ’/
- — U) \\ ,/
S e
< _ >
Low High
Reliability Reliability

Reliability of Physics-based model
(typically tied to system simplicity)

Source: Adapted from Inman et al. (2005), p. 6
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1.2) Process Monitoring: Virtual Sensors and PLS

—_—

U(t) = [uy(t) uy(t-1) ... uy(t) uy(t-1) ... uft) ut-1)... 17
II(t) = My (D) My (t-1) ... M) MA(t-1) ... Mp(t) Mp(t-1) ... 17
Yq(t) = [y(t-1) y(t-2) ... y(t-d)]"

Uit

Identification of a dynamic model for
y(t) using controls and measured
disturbances u(t), other plant outputs

u(t) Xl
x(t) =| () |=|"."
Y, (1) )'(

> PLANT , y(t) - l
t
Yat) T(t) MODEL
d —Pb as
delays
TI(t) Soft-Sensor

MODEL

L %0

n(t), and delayed plant outputs y(t-d)

()

Use of the dynamic model as soft-sensor

in the absence of measurement Yy(t) due
to unavailable sensor signal
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1.2) Process Monitoring: Virtual Sensors and PLS
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1.2) Process Monitoring: PLS

« Some examples from a rougher flotation plant, where the copper grade is
the controlled variable (g..[%]):
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* CONTAC Ingenieros Ltda., Software “SCAN”
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1.2) Process Monitoring: PLS

—_—

* Recursive algorithm that can find directions of "maximum explicability”,
building a relation between a group of input variables and a set of output
variables.

* Method that eases Model Structure Determination and Parameter
Estimation in linear-in-the-parameters models.

A A
X=Y1tp+E,(A) and Y=>tcl+E,(A)
i=1

i=1

b Y=XB .B= [Wl"'WA]'([pl"'pA]T ‘[Wl"'WA])_l .[Cl...CA]T

 In addition, it allows to statistically characterize the prediction error in
multivariate models.

« Off-line estimation techniqgue. Model parameters are assumed to be
constant!
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1.3) Parameter Uncertainty and Particle Filters

—_—

«  Concept of “Artificial Evolution”

(X(t+1) = f (X(1), %, (1), &, (1))
X, (t+1)=x (t)+w, (1)

Features(t) = h, (x(t), X, (t), v(t))

f. and h, are non-linear mappings.

X(t) is the state vector.

@, (t) and v(t) are non-Gaussian distributions

X ,(t) IS an state associated with an unknown model parameter «
w,(t) is zero-mean random noise

i
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1.3) Parameter Uncertainty and Particle Filters

Xoz, .]—Zu;'j S(xy,, —ED «Particle: Duple{W”, x$;}, being x{!
A Pl | V)= }' ,;{x |.1.rr_,},r.u(.;t,l@1 | Vpry) A, a realization of process state pdf.
! &—o
- N
particles 5 I o < Every particle is associated with an
| - scalar W", namely the weight
| e _
- « Sampled version of the PDF
@] - 1
o0 P h| Dy 29y We only need to study the propagation
-rm ME) of particles in time!
: % Steps:
measurement * Predict the “a priori” PDF, using the
};|Xf=-t ~glx) model

actualistate value
XX Ex, ~fC1%,) Update parameters, given the new

| 5  Measurement
t+1

T S
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2) Model Uncertainty and PF-based Fault Diagnosis

—
Loading Profile Diag nosis Block PF Detection Routine
=z 4.5
_1'_,!¢r+llﬁ IR 4 A
' = f ' +ilr) |
Ty qlf+1) X400} 35
xAr+D = x 00+ F-x (05, 0+ o) 3 4
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vifl=x {1+
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Diagnosis Results:
Feature — Crack Length Mapping
p .

“/// 1r.|'|' 1 [r_.' i l.‘ 1 i
Vi _-f'gu':—-“ I] l||1[ I] " 1 II I" ‘ 0.5 //

|[il l]'r else

I

CrackLengt (1]

oY e

/ fx, ] [1 0
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v42(0) (=] O x10°  Type | Error = 1%. Type Il Error =30.5786%. GAG =135

Structure for Crack II v [} 14 5 F F
Progression Model - 4L

\ \
(FASTRAN / Paris’ Equation

/ANSYS /Mc Fadden) A A
& = f(L,N,09) “
dN n 0 il \H‘H 3
2.5 3 35 4 4.5

Fisher Discriminant Ratio =3.5529

Baseline Data

Specifications

Type | error =5% (designed)
Type Il Error =5% (desired)
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2) Model Uncertainty and PF-based Fault Diagnosis

—_—

Summary:.

Type | Error (False Positives) fixed at 5%
— Design parameter

Type |l Error (False Negatives)
1- ZW() such that X (T) =27,

a,ua

Estimated Probability of Fault Condition = E{Xd,z}

Fisher's Discriminant Ratio

QQ phm
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2) Model Uncertainty and PF-based Fault Diagnosis

fefrn

Detection Results: Typel Error=5%
PF Detection Routine: GAG =245

Fault Dimension

PDF

Noisy Fault
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Estimate
Filtered 3
Fault / 50 100 150 200 250
Dlizr;ier: Zitc;n Probability of Failure
I
Threshold 1 '/-—
l_ - 0.5 '/
Probability of /
Fault T e
0 50 100 150 200 250
X 10'3 Type | Error = 5%. Type Il Error =1.6284%
5
4
Baselnine pdf == | : [
AR
1
. \f .\ e 0 EOAF T
2.5 3 35 4 4
Fisher Discriminant Ratio =13.9463

5

Ingenieria Eléctrica

FACULTAD DE CIENCIAS
FISICAS Y MATEMATICAS
UNIVERSIDAD DE CHILE

"g phmsociety 14



3) PF-based Failure Prognosis

—_—

Online Modules

> MWWMM > De-Noising/—>
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3) PF-based Failure Prognosis
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End of Life PDF

Probability of

Failure () PeoL ()

top
T= I PeoL (t)dt

tnoW

Fault Dimension

Ri

Higher POF
but lower risk

fefrn

tnow

Ingenierfa Eléctrica Decision Point
FACULTAD DE CIENCIAS
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Band of uncertainty
around measurement
points

Many possible
Models may “fit” the
measurements

Use statistics to
extrapolate the
uncertainty into the
future

Resulting PDF can be
used to determine
the probability of

EOL occurring
between two future
time points

Risk vs POF

Q‘Q phm

> Time (t)

16



3) PF-based Failure Prognosis
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Can be represented
of Measu - 2Nty by a PDF describing
the initial conditions
Probability 0 . PDFis then
2 diStI’i_bUtiOﬂ of the :I propagated forward
Failure Threshold (a,,) trending parameter | in time
at agiventimein |
the future
/ Resulting PDF’s can
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= |
© > |
L ! ! Probability that
f i the parameter will
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> Time (t)
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3) PF-based Failure Prognosis

Can be represented
by a PDF describing
the initial conditions

PDFis then
propagated forward
in time

top

Tap, = J-pEOL(tlal-—l' )t
tno

w

Taking a “horizontal
slice” of the resulting
surface at a7 yields
the PDF of EOL at
that failure threshold

Fault Dimension

tnow tDP

ale

B3
st

.:cﬁ d ot pecision Point QQ phmsociety
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3) PF-based Failure Prognosis
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Hazard Zone

Fault Dimension

tnow tDP

rCfl d g sy Decision Point "Q phms
e S % N Scott Clements (Ph.D.): PHM 2011, Montreal, Canada

Instead of a single
value, the threshold
could be defined as a
distribution —
“Hazard Zone’

Probability of
damage is now taken
as the integral of the

product of the two
PDF’s

Note that “Risk” is
now much more
difficult to quantify

Probability of
damage given
a hazard zone

e = I pa(a | tDP)' Prz (a)da
0

> Time (t)




3) PF-based Failure Prognosis
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Spansnnnnnpunns®

[ =
System
Sensors
Raw Data
v
Feature Extraction/ Failure
Direct Measurement Threshold
“IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII...
.. “
= Parameter ldentification .
E v E .‘Illllllllvllllllll..
: | System Prior Particle | . Posterior & Tuned
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Prediction Loop
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3) PF-based Failure Prognosis

§ —

 Dynamic Model for Feature Growth in Time:

% (1) = % (1) + %, (1) - F O, (1), ,U) + oo, (1)
9

X, (E+1) =%, (1) + o, ()

X;(t) is a state representing the fault dimension under analysis
* X,(t) is a state associated with an unknown model parameter

« U are external inputsto the system (load profile, etc.)

«  F(Xx(t),t,U) is ageneral time-varying nonlinear function

. o(t) and w, (t) are white noises (non necessarily Gaussian)
* Predicted State Density:

N _ .
Pk | o) = 2 W, K (% ~E[X0, 120, ])
1=1 OQ phm
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3) PF-based Failure Prognosis
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Raw vibration data
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3) PF-based Failure Prognosis

—_—

PARTICLE FILTERING-BASED FRAMEWORK

« Estimating the Remaining Useful Life (RUL)

» Generation of Long-Term Predictions

» p-step predictions for a fault indicator
* Prediction entalls large-grain uncertainty

t+p
p(x,., | y,)= fp("f v [ pGx; [ x,_)dx,,.
j=t+1
N
<Y 0 [ pCo |5 T PG %))
i=1 Jj=t+2

p B  ® 5
4% N g ngenieria Eléc trica p m
NN FACULTAD DE CIENCIAS
A-"-l!], FISICAS Y MATEMATICAS
0 UNIVERSIDAD DE GHILE
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3) PF-based Failure Prognosis

fefrn

FParticle Filters: Mon-Linear Systerm State Estimation

= A .
% & : : : A' -
= E : éf % i Pr{Failure/ X < x}
= : o : P \_ 1 i e Pr— -
ﬂ i ====== ': ‘i‘_‘ —“i' —————— 'E ————— —E——i E‘ r () - () H
= : ] : : (i) — _ i
=2 2-------4------- S TS Eoe e J:——;———— ip{ Wt =PF{X - tf}
: : : i P : .
o i i i il 1 i i
a0 100 120 140 160 180 2000 Z 240
FProbability Density Function of TTF [cycles]
A2 —-----~- S e BT B ettt R - ===
oh N . N R o A
| pTTF(ttf)=ZPr(Fa|Iure|X =>?§),H.b,Hup)-wt(t}) ¥ ] E
0.08 i1 -l ----- R E e ——
] S S |-

o i H i A
=50 glunl 120 140 160 180 200 20 240
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3) PF-based Failure Prognosis
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3) PF-based Failure Prognosis

v' First Approach for Long-Term Prediction:
(Weight Update Procedure)

— Predicted Trajectory:

0 = 7@ O R0
F-Ii-p E[fj“+p(xf—1|-p—13 f+p)] ) xfi _xfi

— Predicted State pdf @ time t+k

P(X | X)) = Z‘ P(IHk Eﬁ: Dik=L---.p

Py ingeniria Elécrica £, phmsociety
o FACULTAD DE CIENGIAS s s
B &i—} FISICAS ¥ MATEMATICAS

1177 B Ml B B UNVERSIDAD DE CH ILE
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3) PF-based Failure Prognosis

—_—

v' First Approach for Long-Term Prediction:

(Weight Update Procedure)

Weight update for Long-Term Prediction

e Construct a partition of the random variable domain by defining:

dl=-; AP =

I T _
dz—?ic:E(xEE:joEkj)s J=2..... N

e Generate the updated particle weights by computing:
4D

+X

Wik = ja(xf—k | ‘:E{}:f—k—l Vi )dx,

Ingenieria Eléctrica

FACULTAD DE CIENCIAS
FISICAS Y MATEMATICAS
UNIVERSIDAD DE GHILE
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3) PF-based Failure Prognosis

v Second Approach for Long-Term Prediction:
(Regularization of Predicted State pdf)

 Uncertainty.: Resampling procedure for predicted state pdf

« Statistical information given by the position of the particles,
not by the particle weight.

 Use of Epanechnikov kernels

n, +2 o~
Kopr (T) = 2(’1??; (l—l‘x” ] 1f "YH <1

0 otherwise

(1) (1} | o)
(X | X ) ® wa!;c 1 ( t+k E[J"}ik | xfik—l:l)

X o JH KGO [k (x) .




3) PF-based Failure Prognosis

—_—

v Second Approach for Long-Term Prediction:
(Regularization of Predicted State pdf)

Long Term Predictions: Second Approach

e Fori=1--- N, wfi:N_l
Xevk1 | Weake

e (alculate §f_k, the empirical covariance matrix of { [ s Pt ] wd }
-1

o Compute ﬁf_k such that ﬁf_kﬁf_ = S’Hc
e Fori=1---,N, draw &' ~ K , the Epanechnikov kernel and assign

o(0 _ oD apt
KXok = X k+h ﬁrDr k‘g

1

—4-N =
(1o bF) i <1 S
Kupr (x)= !

— -1 e \n o4
0 otherwise A= (3 ¢, "(n +4) [1\/;) )

P Ingenieria Eléctrica p m
| FACULTAD DE CIENCIAS
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3) PF-based Failure Prognosis

—_—

A

Particle Filtering-based Fork=123, ..
Estimate at time ¢ o

Use nonlinear State equation and
Inverse Transform Resampling to
obtain a set of equally we|ghted
particles centered at E[ 0, |39 ]‘

f+k f+k 1

Use Epanechnikov kernels and the
Regularization algorithm to obtain a

new Set of equally weighted particles

T+ 1
[ Yotk Vg

Long Term Predictions: Recularization of Predicted State PDF
o Apply modified inverse transform resampling procedure. For i =1,---, N, w!), = N™'

t+k

e Calculate SHk, the empirical covariance matrix of { £ { [ o |30 L w, }
=1

t+k r+k

e Compute D, , such that D, D’ = S,

t+k t+k

e Fori=1l,--N,draw & ~ K, an Epanechnikov kernel and assign 7 = 2% + 1% D, &'

% Ige nierfa Eléctrica phm
N CULTAD DE CIENCIAS

2 ‘ r\ SICAS Y MATEMATICAS
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3) PF-based Failure Prognosis

—_—

v

Third Approach for Long-Term Prediction:
(Projection in Time of State Expectations)

80, =B, ,(30000,.,)] 3 &0 =30

w =w i k=1--p

Simpler in terms of computational effort.

Particle weights invariant for future time instants.

When it works, sources of error are negligible compared to:

— model inaccuracies
— wrong assumptions about noise parameters

%
LN Y Ingenieria Eléctrica a p h m
o FACULTAD DE CIENCIAS
258/ FISICAS TEMATICAS
- UNIVER DE GHILE
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3) PF-based Failure Prognosis

Online Feature Data

Particle Filters: Non-Linear System State Estimation

Hazard Zone

e \

—~

™~ 95% Confidence

Fault Dimension

Interval

\\

N

[ [

Time [cycles]

Failure Data (known

\ 100 200 300 400 500 600 N 1000

Online PF Estimate post-test)
Probability Density Function of TTF [cycles]
0.025 ; ; -
. Prediction Window |
0.015 N |
0.01 L)
0.005 /7 \\V)W\MM\
0 /
0 700 800 900 1000

fefrn

100 200 300 400 500 - 60
Time [cycles]

Online PF-based
Estimate of TOF pdf
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3) PF-based Failure Prognosis

< a(t+1) =a(t)+o,(t)

AKipoara (1) = Tinpoara (LOA(E), L(1))
kAKoutboard (t)= foutboard (Load (1), L(t))
Feature(t) = h(L(t)) +v(t)

L(t+1) = L0 +C ) | (AK s ) + (A )|+ 1)

——

Feature: AHR
T T T

Pretest mapping of

Feature-> Crack Length

T T
—20%

|| —40%
" —— 93/ 100%

05 c c c c : : c : c
0 100 200 300 400 500 600 700 800 900 1000

GAG cycle number
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4) Parameter Uncertainty and Outer Correction Loops

Mission Profile

fefrn

AR gupoara (1) = Touoara (LORA (D), L(1))

i i Diagnosis Results: Diagnosis Results:
L q Profil . v Diagnosis Results:
sl e file B e e e Vibration-based Feature
\k/// energy ratio
L.
#
,/ _______________________________________
/ Model Parameter PROGNOSIS MODULE
! Update
Structure for Crack
' ]
Progression Mode| .
| | FASTRAN] Paris’ Equatien m Prognosis Block
| ransys v Fadden KR I (LD = O+ €0 {(AK s ) + (s )+ 10
! dac _ f(LN.G) a(t+1) = a(t) +a,(t)
| dN " AK s ()= i (LORI(D), L(D)
1
1
1

Feature(t) = h(L(t)) +v(t)

Particle Filter Prognosis Framework

Vibeation Data
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Outer Feedback Loop
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4) Parameter Uncertainty and Outer Correction Loops

Model Hyper-
Parameters

+ Real-time measurements
« External Inputs

--------------------------------------------------------

Non-linear State

-

Y

Quter Correction Loop Equation

=>4

PDF State Estimate

........................................................................................

PDF Short-term
Prediction

PDF Long-term Prediction
Prognosis
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4) Parameter Uncertainty and Outer Correction Loops

—_—

«  Concept of “Artificial Evolution” revised

(X(t+1) = f (X(1), %, (1), &, (1))
X, (t+1)=x (t)+w, (1)

Features(t) = h, (x(t), X, (t), v(t))

- f.and h, are non-linear mappings.

«  X(t) Is the state vector.

* w4 (t) and v(t) are non-Gaussian distributions

*  X,(t)Is an state associated with an unknown model parameter «
*  w,y(t)is zero-mean random noise

i
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4) Parameter Uncertainty and Outer Correction Loops

=

» Proposed Outer Correction Loop:

r

)

.

|Pred _error(t)| 3
|Feature(t)|

[Pred _error(t)| N
|Feature(t)|

Th

var{w, (t+1)} = plvar{ow, (1)}, if

var{w_ (t+1)} =g var{w, (1)}, If | Th

O<p<l1 qgq>1,and0<Th <1 are scalars

Ingenieria Eléctrica a p h m
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4) Parameter Uncertainty and Quter Correction Loops

—_—

Formally speaking...
. . X1 =X o F(X, )+ o
« Assume a nonlinear state equation: ,
S
o, = Loy, &)+ o

where L(«,e)=«, Y = X T4

« First Approach: p-var(w,) e|<e”
var(m,) =
g-var(w))  |ef|>e"
« Second Approach:
th

o .| % e|<e p-var(ey)  |eg|<e”
L. €)= S d e o var(gg) =g G
a, +ne, e|>e o, e|>e

]
<Y

£ [~
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4) Parameter Uncertainty and Quter Correction Loops

—_—

 Classic PF-based Prognosis Framework:

a)

w 600 f

-

[ &]

8

=

- 600}

=

@

- 400

O

L

E

— EDD 1 1 1 1 1 1

100 200 300 400 200 600
b)
02t =
|:| 1 1 1 1 1 1
0 100 200 300 400 500 600
Time [cycles]
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4) Parameter Uncertainty and Outer Correction Loops

—_

 Outer CorrectionLoopsin aPF-based Prognosis Framework:

a)

w G001
w
L Tm—a_
=
Rl
- %W
S
W
' 400
O
ik}
E
— 2[][] 1 1 1 I 1 1

100 200 300 400 200 600

I';nl_'_l.lll

|:| [ ] ] ] ] ]
0 100 200 300 400 200 600
Time [cycles]
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4) Parameter Uncertainty and Outer Correction Loops

=

* Results for Outer Correction Loopsin a case study
(several runs of the algorithm, given the stochastic nature of the
filtering algorithm)

v Outer Correction Loop that modifies only the variance of model hyper-
parameters:

Mean of ToF Expectation = 540 cycles (ground truth = 650 cycles)
Mean of 95% CI Lower Limit =503 cycles
Mean of 95% CI Upper Limit = 573 cycles

v QOuter Correction Loop that modifies only the expectation and variance of
hyper-parameters:

Mean of ToF Expectation = 645 cycles (ground truth = 650 cycles)
Mean of 95% CI Lower Limit =608 cycles
Mean of 95% CI Upper Limit = 681 cycles

P

|-,
e

Ml

_?-f?& *3
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5) Performance Measures for Prognostic Algorithms

§ —

» RUL On-line Precision Index (RUL-OPD):

« Considers the relative length of the 95% confidence interval

computed at time t (Cly), when compared to the remaining
useful life.

* Quantifies the concept: “the more data the algorithm
processes, the more precise the prognostic result”

- Good prognostic results are associated to values of |, (t) =1

_[ sup(Cl )—inf(Cl, ) _[ sup(Cl, )—inf(Cl, )
|1(t) —e E {RUL} —e E, {ToF}—t

0<1,(t)<LVte[lE {ToF})tel

o 42
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5) Performance Measures for Prognostic Algorithms

—_—

» RUL Accuracy-Precision Index:

« Considers the error in the ToF estimate with respect to the

length of the 95% confidence interval computed at time t (Ciy)
and penalizes the fact that E {ToF} > Ground Truth {ToF}

« (Good prognostic results are associated to values of the
index suchthat 0<1—1,(t)<¢

where ¢ is a small positive constant

_(GroundTruth{ToF}—E{{ToF}]

| (t) — e sup(Cl, )—inf(Cl,)

2

0<1,(t), Vte[LE {ToF}),t el
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5) Performance Measures for Prognostic Algorithms

—_—

» RUL On-line Steadiness Index (RUL-OSI):

« Considers the current estimate for the expectation of the time
of failure (ToF) computed at time .

« Quantifies the concept: “the more data the algorithm processes,
the more steady the prognostic result”

« (Good prognostic results are associated to small values for the
RUL-OSI

,(t) = \/\/ar {ToF})

|,(t)>0,Vtell

44
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5) Performance Measures for Prognostic Algorithms

—_—

 Applicationexamples...

RUL Ondine Precision Index

1
0.5}
0 1 1 1 1 1 .
0 100 200 300 400 200 600
RUL Accuracy Index
2 T T T T T
1
[} -‘-‘.—..‘Tllililﬂﬁllti-hlllil .'-.'l..lll_lll""..I'L-“'.-I'"L-II.IIIIIIIIIIIIIILlIIll‘h‘. .....
0 100 200 300 400 200 600

RUL Ondine Steadiness Index
3000 Ts . . . . .

0 100 200 300 400 500 600
Time [cycles]
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6) Input Uncertainty in PF-based Prognostic Algorithms

* In order to accurately predict the Remaining Useful Life (RUL) of a
failing system, one must consider the future, and often
unpredictable, stresses that will be acting on the system.

— How do these stresses affect the Remaining Useful Life (RUL)?
— How does uncertainty in these stresses affect the RUL estimate?
— How can uncertainty be quantified?

 Only after addressing these issues, it is possible to answer one
particularly interesting question:

— How can knowledge of uncertainty be used to extend the RUL of
a failing system?

46
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6) Input Uncertainty in PF-based Prognostic Algorithms

—_

»
»

] M Feature Data

A
v
/Uncertainty Analysis ﬂ:ault Diagnosis \

*LPP, LPI, MD etc. *Anomaly Detection, Fault

Control
*Decision Support

System/Human Action v Detection
*Reconfigurable Control _ . .
contig < ﬁallure Prognosis \ FAULT PRI L e
DETECTED Pt

*RUL Estimation, Just in Time l

i) e
/ blagnostlcs Module)

Mission: The cost associated with missing

mission objectives. This is mission
Prognostics Module dependent and possibly subjective.

Risk Analysis
*FVaR, Risk Index

=

" % =
=3

B 3
P

S

{—— ¢
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6) Input Uncertainty in PF-based Prognostic Algorithms

—_—

« A number of elements can alter in a significant manner the RUL of

equipment and components.

- Consider, for example, uncertainty associated to load profiles,

model errors, and measurement noise.

e Thus, RUL uncertainty (ARUL) can be written as:

2 2 )12
e Level 1: ARUL:{ ORUL Amodel} {aRULAIoad} {GRUL Ameas.}
omodel oload OMmeas.

" oload
omission

? oload i oload 21
Amlssmn} + _ Aregime data { Asensors}
oregime data 0Sensors

 Level 2: Aload = {

« Level 3: This reasoning can be extrapolated analogously...

Ige e aEIéct ca a g ' ‘ 48
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6) Input Uncertainty in PF-based Prognostic Algorithms

| —

Particle Filter (PF) algorithms have become a key
component of failure prognosis frameworks:
— Strong mathematical foundation

— Allow online uncertainty representation of state estimates and
long-term predictions in nonlinear systems

— Allow online uncertainty management via the implementation of
outer feedback correction loops.

These facts motivate the usage of PF-based uncertainty
measures to quantify, in real time, the impact of load,
environmental, and other stresses for long-term
prediction.

OQ phm
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6) Input Uncertainty in PF-based Prognostic Algorithms

—_—

« If the input of the system is also assumed to be a stochastic process:

Fault Dimension

tD tdetect tprognc:-sis ToF w ToF M ToF TOF B
Maximum Mean BaselinBase Minimum
Load/Overload Load Load Load

N,
e Given P{U ZU}ZZﬂj5(U—Uj) ,

N, . J=1
where {uj}_ , is asetof constant load values, then
J:

N, N _
Proe @) =D ;> Pr(Failure| X =% U =u;, H,,, Hy, )- W

j=1 =l
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6) Input Uncertainty in PF-based Prognostic Algorithms

§ —

* Dispersion Sensitivity « Confidence Interval Sensitivity

DS = StdeV(RULBase+a)) CIS — Length(CI{RULBasem})

“  stdev(RUL,,..) “  Length(CI{RUL,,_})

Particle Filter
Prediction

51




6) Input Uncertainty in PF-based Prognostic Algorithms

=

« Dispersion Sensitivity Approach

(1) StdEV{RU LBase+w} E{RU LBase} 1

095

2) stdeviU,,..}- (

stdev{RULgae 0} 1} stdev{w}
stdev{RUL}

stdev{RUL_, .} DS-1

(3) U d — U Base Stdev{U Base+w}
} c,=(DS-1)

: >
15% stdev{w}

s ingeiera Elctrica phm
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6) Input Uncertainty in PF-based Prognostic Algorithms

—_—

« Confidence Interval Sensitivity Approach

(1) Length(CI{RUL,,...,}) =2(RUL, —E{RUL,..}) 1

(2) stdev{U,,... }= [ Length(CI{RUL ... }) _1J stdev{w}

length (CI{RUL_..}) CIS-1
length(CI{RULY) #

(3) U d — U Base StdeV{U Base+w}

} CI=(CIS-1)

J . >
X 15% Sdevio} o e
o ffon = G Phm

E UNIVERSIDAD D E CHILE

CI =length(CI{RULY})
(stdev{input}=0%)
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6) Input Uncertainty in PF-based Prognostic Algorithms

Case Study:

A critical component (planetary gear carrier
plate) in a rotorcraft transmission system is
experiencing a fatigue crack.

The baseline load on the rotorcraft is 120%
of the maximum recommended torque. At
this load, a failure is predicted to occur at
time 594 cycles.

1
0.8
0.6

04
0.2

0 \ \ \ ' ,
0 100 200 300 400 500 600 700 800

Time [cycles]
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6) Input Uncertainty in PF-based Prognostic Algorithms

—_—

« Dispersion Sensitivity Approach

Dispersion Sensitivity

Ug.=120% = ToF: 594 DS, — stdev{RUL goe.,
% stdev{RUL,,_}
Up=? == ToF: 714 _4152cycles _ 4 a0,
- 12.44cycles

el a 35
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6) Input Uncertainty in PF-based Prognostic Algorithms

—_—

« Dispersion Sensitivity Approach

Dispersion Sensitivity

Up,o=120% = ToF: 594 e _StdeviRULy.....}
15%
stdev{RUL, .}
Up=? == ToF: 714 _4152cycles _ 4 a0,
- 12.44cycles
(1) stdev{RUL,,...  }= RULp — EARULg _ 7147998 _ 45 755
Z. o 1.627
(2) stdeviU,,,, }=| O R e}y | STCHOY_ o) g0y
stdev{RUL;, ..} DS -1

3) U, =U,, —stdev{U,..... }=120%—31.64% = 88.36%
o QQ phm
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6) Input Uncertainty in PF-based Prognostic Algorithms

§ —

« Dispersion Sensitivity Approach

Dispersion Sensitivity

Ug,.=120% = ToF: 594 Ds _ Stdey{RUL,...,}
% stdev{RUL,,_}

Up=88.36% = ToF: 714 _a1seogcles
Actual Results from Fault Testing: UD:93% 12.44cycles

(1) stdev{RUL,,...  }= RULp — EARULg _ 7147998 _ 45 755

Zyos 1.627
(2) stdeviU,,,, }=| O R e}y | STCHOY_ o) g0y
stdev{RUL;, ..} DS -1

3) U, =U,, —stdev{U,..... }=120%—31.64% = 88.36%
o QQ phm
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6) Input Uncertainty in PF-based Prognostic Algorithms

=

« Confidence Interval Sensitivity Approach

Confidence Interval Sensitivity
Length(CI{RULBase+ })
CIS,y, = 2
Length ({RU LBase})

~ 142cycles
38cycles

Ug,.=120% = ToF: 594

Upy=? = ToF: 714
=3.7368




6) Input Uncertainty in PF-based Prognostic Algorithms

« Confidence Interval Sensitivity Approach

Confidence Interval Sensitivity
Length(CI{RULBase+ })
CIS,y, = 2
Length ({RU LBase})

_ 142cycles
38cycles

Ug,.=120% = ToF: 594

Upy=? = ToF: 714
=3.7368

(1) Length(CI{RUL,,....}) =2(RUL, — E{RUL,..}) =2(714-594) = 240

=29.13%

Length(CI{RUL,,..}) CIS-1

) stdeviU, . }- ( Length(CI{RULg,....}) 1) stdev{w}

(3) U, =U,_ —stdev{U,... }=120%—29.13% =90.87%

vy a 59
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6) Input Uncertainty in PF-based Prognostic Algorithms

« Confidence Interval Sensitivity Approach
Confidence Interval Sensitivity

Ug,.=120% = ToF: 594 crs  Length(C{RUL,,, . })
e Length ({RU LBase})
Up=90.87% —> ToF: 714 142cycles
- =3.7368
38cycles

Actual Results from Fault Testing: UD:93%

(1) Length(CI{RUL,,....}) =2(RUL, — E{RUL,..}) =2(714-594) = 240

@ stdevU, . }- Length(CI{RUL,.....}) q stdev{w} _ 29 13%
Length(CI{RUL,,..}) CIS-1

(3) U, =U,_ —stdev{U,... }=120%—29.13% =90.87%

o3& a
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7) Risk Measures for PF-based Prognostic Algorithms

 Just-in-Time Pointvs. RUL Expectations

A Just-in-Time Point
JITP)

Failure pdf

Current tmin 1:max
time

A —_————— -

Failure Threshold

95% areashadedred

FaultDimension

: )

Time [cycles]

tpred

ingenieria Eéctrica b @ 35
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7) Risk Measures for PF-based Prognostic Algorithms

=

> Definition:

(R1) R(C) = C for all constants C,

(R2) R(1-MNX +2XX)< (1 - NMR(X)+ AR(X') for
A€ (0,1) (“convexity”)

(R3) R(X) < R(X’) when X < X’ (“monotonicity”)

(R4) R(X) < 0 when || X*—X]|]» — 0 with R(X*) <0
(“closedness”)

 ltwill also be called a coherent measure of risk in the
basic sense If it also satisfies

5% o a
4] (B gl gmgm nocricrs Ecrica phm
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7) Risk Measures for PF-based Prognostic Algorithms

- Fault Value at Risk (FVaR) and Risk Assessment:
FVaR (t vtprognosis )
Predicted FVaR {computed @ time t = 200, 95% confidence) FVaR (t’ tprognOSIS) @ a _ 0.95 _ p(XiL | yt | )dth

—00

RiSK ez (t torognoss) = ( E { Hazard Zone} - FVaR(t, tpm_;,nosis))_1

E .
E
- Particle Filters: Non-Linear System State Estimation
5 ! |
uw '
H i i i i i % i :
b 100 200 300 400 500 €00 700 800 E i 1
Time [cycles]) E :
E 3 |
Predicted Risk Indicator (computed @ time t = 200} (E [Hazard Zong] —F\.-‘aR[‘t:_,E:j:j:" w i :
10 i :
g - ....... 0 100 200 300 400 500 600 700 800
1 S R I I B Nom alized Probability Density Function of TTF [cycles]
7 'P R SRR AR AR SR g | Y ¥ O R —
Ll et e e e R e B R R e e -
) S ARy gy s | ) U L H 1 H I i
e e S
__________ ] Bt e T
___________ s S
S SO R SUNUD OUON OF A7 8 2. S 02fmmmieaees
P T S U S A 40 . L 0 A SO 0 | I i I
0 100 200 300 400 500 600 700 800
0 200 Time [cycles]

e N
o RS

A%

LEAE

=4
B

j ) [
\ H
t 1 I i i
0 100 200 3 4 5
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7) Risk Measures for PF-based Prognostic Algorithms

P

MRUL

R=aln

+ Aorur + 701 + 00, (RN + 1)

Ewolution of Proposed Risk Measure in Time

107 [

Risk Measure
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8.1) Case Study: Battery Diagnostics/Prognostics
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8.1) Case Study: Battery Diagnostics/Prognostics

| —

Data registering two different operational profiles (charge and
discharge) at room temperature (NASA Ames Research Center).

Charging is carried out in a constant current (CC) mode at 1.5[A]
until the battery voltage reached 4.2[V] and then continued in a
constant voltage mode until the charge current dropped to 20[mA].

Discharge is carried out at a constant current (CC) level of 2[A]
until the battery voltage fell to 2.5[V].

The experiments were stopped when the batteries reached end-of-
life (EOL) criteria, which was a 40% fade in rated capacity (from
2 [A-hr]to 1.2[A-hr]).

OQ phm
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8.1) Case Study: Battery Diagnostics/Prognostics

—_—

« Normal condition reflects the fact that the battery SOH is slowly
diminishing as a function of the number of charge/discharge cycles

« Anomalous condition indicates an abrupt increment in the battery
SOH (regeneration phenomena).

« To detect the condition of interest, a PF-based anomaly detection
module is implemented using nonlinear model

% L a
LIRS Ingenieria Eléctrica p m
e FACULTAD DE CIENCIAS
28 |4 FISICAS TEMATICAS
- UNIVER DE CHILE
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8.1) Case Study: Battery Diagnostics/Prognostics

—_—

Anomaly Detection Module: Self-recharge Phenomena
« State Equation Dynamic Model

* Xq1(t+1) B Xq4()

{xd,z(tﬂ)}‘ " qxdz(t)}”“)]

X (t+1) = A= B) %, (1) + o (1)

Xe, (t+1) =0.95X, () - X , (t) +0.2X, , (t) + @, (1)

N

(t) = X (1) + 5, (1) X, (1) 4 V()

- %[1 o] if [x—[1 o] [ <[x-[

[0 1] , else

(%200 %,,(0) x,(0) %,(0] =[x 0 2 o]

Ingenieria Eléctrica a p h m
FACULTAD DE CIENCIAS
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8.1) Case Study: Battery Diagnostics/Prognostics

—_—

SOH Estimation Module (Self-recharge Phenomena)
« State Equation Dynamic Model

y(t) =X, (t) + ;1) + V(1)

* X4(t) Iis a state representing the fault dimension
* X,(t) Is a state associated with an unknown model parameter
* X4(t) Is a state associated with the capacity regeneration phenomena

« a, b, Cand m are constants associated to the duration and intensity
of the battery load cycle (external input U)

QQ phm 69



A
[

8.1) Case Study: Battery Diagnostics/Prognostics

L=
Particle Filters: Non-Linear System State Estimation

z 2k
< 1.8 WN\J\ . : :
> L " ““‘«l\\ 1 i
§ \&\0\% E E

1.4
> ! !
2
}_G, | | |
m | | | | | | | 1 | 1 ‘

1 r r r r r r r r L r
0 20 40 60 80 100 120 140 160 180 200
Normalized EOL Density Function [cycles]
1
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8.1) Case Study: Battery Diagnostics/Prognostics

fefrn

Particle Filters: Non-Linear System State Estimation
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8.1) Case Study: Battery Diagnostics/Prognostics

—_—

SOH Estimation Module (Self-recharge Phenomena)
« State Equation Dynamic Model
X, (K +1) = 17.%, (K) + %, (K) %, (k) + w; (k)

X, (k +1) = x, (k) +w, (k)
X3 (K +1) = 6(U (k)) - [wy, (K)]+ 01 —U (K)) - [X5 (K) Wiy, (k)] + 6(2 =U (k) - [X5(K) + Wy, (K)]

y(k) =x (k) +[6(1-U (k)) + (2 -U (k))]x; (k) + v(k)

* 7. isthe Coulombic efficiency

. Xy Is a state representing the battery SOH

* X, is astate associated with an unknown model parameter

. X3 is a state associated with the added SOH due to regeneration phenomena

U is a external input associated with the apparition of regeneration phenomena

Wy, Wy, W31, Wa,, and V are iid non-Gaussian noises

QQ phm
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8.1) Case Study: Battery Diagnostics/Prognostics

Battery SOH

\ Battery SOH
2

Ahr

1.4
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1.3
1.6 :
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8.1) Case Study: Battery Diagnostics/Prognostics

—_—

Particle Filters: Battery EOL

I ¥
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8.2) Case Study: Battery Diagnostics/Prognostics

o State-of-Charge Prognosis:

Voltage

St ki

U

Voltage (V)
N
(%)

=
—

Voltage (V)
S P

rrrrrrr

!




P

Ml

.?-% *3

B
e

8.2) Case Study: Battery Diagnostics/Prognostics

=

« State-of-Charge Prognosis:

— Probabillistic characterization of usage conditions
— Real-time state estimation/prognosis
— Self-tuning model (parameter estimation)

— PF-based framework allows to compute confidence bounds for
SOC predictions

— Modeling the future usage
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8.2) Case Study: Battery Diagnostics/Prognostics

« State-of-Charge Prognosis:
(Preliminary Results)
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8.3) Case Study: PF-based Risk Analysis in Finance
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COROMIC Hime series display featiires such ag teend,
seasonal, and cycle that we do not observe directly
from the data. The cycle is of particular interest to
economists as it is a measure of the fluctuations in

components, which depend on the state vector, are related
to the observations by a measurement equation.

The Kalman filter is the basic recursion for estimating
the state, and hence the unobserved components, in a linear

ic activity. An unob: d miode!
attempts to capture the features of a time series by assum-
ing that they follow stochastic processes that, when put to-
gether, yield the observations. The aim of this article is thus
to illustrate the use of unobserved components models In
economics and finance and to show how they can be used
for forecasting and policy making.

Setting up models in terms of components of interest
helps in model building; see the discussions in {1} and [2)
for a comparison with alternative approaches. A detailed
treatment of unobserved components models is given in
[3]. The statistical treatment of unobserved compenents
models is based on the state-space form. The unobserved

Digilal Cjeet Mo fier 10.1303/MCS 2003334465

Y050-03IXK/08/S26,00020IHEEE

Ingenierfa Eléctrica

FACULTAD DE CIENCIAS
FISICAS ¥ MATEMATICAS
UNIVERSIDAD DE CHILE

P model (see “Kalman Filter”). The estimates,
which are based on current and past observations, can be
used to make predictions. Backward ions yield

smoothed estimates of components at each point in time
based on past, current, and future observations.

A set of one-step-ahead prediction errors, called innova-
tions, is produced by the Kalman filter, In a Gaussian
model, the innovations can be used to construct a likeli-
hood function that can be maximized numerically with
respect to unknown parameters in the system; see [4]. Once
the are the i can be used
to construct test statistics that are designed to assess how
weell the model fits. The STAMP package [5] embodies a
model-building procedure in which test statistics are pro-
duced as part of the output.
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8.3) Case Study: PF-based Risk Analysis in Finance
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