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The vision — towards Condition Based Maintenance [€3 Js#a

19201

[VERSITY ] [RAS

In service SHM sensor data

system/structure

Condition based Preprocessing/
Maintenance HI extraction

smmmm———

Remaining useful
life estimation
(Prognostics)

Statistical model /
Al model

Damage state
identification
(Diagnostics)

Department of Mechanical Engineering & Aeronautics



[TANEIIXTHMIO

Definitions () RPN

Damage: changes to the material and/or geometric properties of structures or
systems, including changes to the boundary conditions, which adversely affect the
current or future performance of the material

Structural Health Monitoring: the process of implementing a damage identification
strategy for aerospace, civil and mechanical engineering infrastructure
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Levels of SHM &

Level 5 e Introduce damage

. restoration mechanisms
Self-healing

Level4 8 Prognosis of the
remaining service life of
the structure

Remaining
Lifetime

Level 3 -
e Quantification of the

Sizing of severity of the damage
Damage

e Determination of the
geometric location of the

Locating Ea—

Damage

Non-destructive testing

e Determination that
damage is present in the
structure
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Fundamental axioms of SHM™ (:) ITATPON

Axiom I: All materials have inherent flaws or defects. Service loading induces new faults or propagates existing ones

Axiom Il: The assessment of damage requires a comparison between two system states.

Axiom IlI: Identifying the existence and location of damage (i.e. Levels | & II) can be done in an unsupervised learning mode,
but identifying the type of damage present and the damage severity (i.e. Levels Il & IV) can generally only be done in a
supervised learning mode.

Axiom IVa: Sensors cannot measure damage. Feature extraction through signal processing and statistical classification is
necessary to convert sensor data into damage information.

Axiom IVb: Without intelligent feature extraction, the more sensitive a measurement is to damage, the more sensitive it is to
changing operational and environmental conditions.

Axiom V: The length- and time- scales associated with damage initiation and evolution dictate the required properties of the
SHM sensing system.

Axiom VI: There is a trade-off between the sensitivity to damage of an algorithm and its noise rejection capability.

Axiom VII: The size of damage that can be detected from changes in system dynamics is inversely proportional to the
frequency range of excitation.

*Worden et al., Proceedings of The Roval Society A, 2007
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SHM system design guidelines @ Jriiint

(i) Sensor types, number and locations

(ii) Bandwidth, sensitivity and dynamic range

(iii) Data acquisition/telemetry/storage system

(iv) Power requirements

(v) Sampling intervals (continuous monitoring versus monitoring only
after extreme events or at periodic intervals)

(vi) Processor/memory requirements

(vii) Excitation source (active sensing)
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SHM system design parameters @ Juriis

(i) The length-scales on which damage is to be detected (global vs local approaches)
(ii) The time-scale on which damage evolves (milliseconds vs hrs of flight)

(iii) How will varying and/or adverse operational and environmental

conditions affect the sensing system

(iv) Cost
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Sensing technologies for SHM @ Jirvuion

1. Piezoelectric (PZT)

2. Fibre optic sensors (Fibre Bragg Gratings, distributed sensing)
3. Accelerometers

4. Acoustic Emission

5. Classical strain gauges

6. Temperature sensors

7. Hybrid schemes and others
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Piezoceramic elements ) ITATPON

Modes of Vibration

40 ps

2 TYPES:

1. thickness mode

® most common

. Used in medical
crystals

2. radial mode

50 ps

B Reflection

RADIAL MODE

60 ps

80 mm - @ 80 mm
-1 0 1

Toyama et al. Appl. Sci. 2019
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2. Optical fiber sensors (Fiber Bragg sensors) ) [IATPON
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Spectral Response A Fiber grating is made by periodically changing the refraction
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2. Optical fiber sensors (Distributed sensing) [IATDON

Distributed sensing is a technology (based on Brillouin scattering) that enables very dense, real-time
measurements along the entire length of a fibre optic cable. Unlike traditional sensors that rely on
discrete sensors measuring at pre-determined points, distributed sensing does not rely upon
manufactured sensors but utilizes the optical fibre. The optical fibre is the sensing element without

any additional transducers in the optical path.

As the fibre is the sensor, it is also a cost-effective method that can be easily deployed even in the
harshest and most unusual environments.
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2. Optical fiber sensors i) HATPON

Interrogation unit (laser source) required
Advantages:

= Small size and easy integration into a wide variety of systems ST5"8 g

= Electrically immune, no conduction of electric current, no s
spark peril -

= Capacity for static and/or dynamic measurements

" |mmune to electromagnetic interference and radio
frequency interference

= Light in weight

= |deal for harsh environments

= High sensitivity -

= Multiplexing capability thus forms sensing networks n

= Remote sensing capability '
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3. Accelerometers (1) [TATPON

Working principle

Applied Acceleration (a)
S .
e \; Mass (m)
; \ + Signal
Piezoelectic | BP9 — Leads
Material 4
Very popular for structural dynamic

measurements (vibrations)
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4. Acoustic emission ) HRTPON

A/D boards

Acoustic Emission (AE) refers to the generation of transient elastic waves
produced by a sudden redistribution of stress in a material, usually in
locations of defects or discontinuities.

Acoustic Emission
Detection Instrument

Stress or Other Stimulus

A 444

Department of Mechanical Engineering & Aeronautics



[TANEIIXTHMIO

4. Acoustic emission &/ LALEGR

Typical waveform (burst type) Power spectrum
5
4+
> >
E E 3p
o
= =
1 -
" i 0 1 1 1 .
0 500 1,000 1,500 150 200 250 300 350 400 450 500
Time (uS) Frequency (kHz) Typical features
AE feature Symbol Unit
Risetime
e Duration DUR s
2 S CoRints Counts CNT #
=1-3 Amplitude AMP dB
- *_3 MARSE Counts v peak CNP i
5 Risetime RT us
% Threshold Energy E pl
. A Absolute energy ABE fl
Feature extraction - Signal strength o oV
Rise angle RAN deg
Decay angle DAN deg
» Average frequency AF kHz
s:’jl/ :'/ Initiation frequency INF kHz
2 8| Reverberation frequency REVF kHz
o %\> ” ” Il || FFT amplitude FFTAMP -
"\’ COmpat FFT peak frequency FFTPF kHz

—>__Circuit _|Threshold-Crossing Pulses Out
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CASE STUDY I:
Digital twin based SHM
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2. Digital twin development () IATPON

165 - ~
) 1. Linear

buckling analysis

Ux,Uy,Rx,Ry,Rz =0 \ J

(=)}
v
ul

*tie constraints

{ )
Eigenvalues &
buckling modes

\%%\ ®F 3D brick elements ¢ -~ \
¢ %%%\\\l cntinuum sr(l(e:I:I))DSR) | S
} \%%\\ - elements (SC8R) N T
s S Ux,Uy,Uz,Rx,Ry,Rz = 0 kAba(q:‘_’:‘i’eg%ES”d)

Simulated strain
stical twin / {gita/ twin i field /

Department of Mechanical Engineering & Aeronautics




[TANEIIXTHMIO

3. Experimental verification (1) () [IATPON
Quasi-static uniaxial 20— -
compression 100 —te0 o

test:

* Displacement rate 0.5 mm/min

Force [kN]
3

B
o

* |Instron 8802 test machine with load
capacity £ 250 kN

« LVDT for panel shortening O e 15 2
measurements ' '

Shortening [mm]
« Buckling ~20.0 kN
* Avg. collapse load 97.5 kN

N
o

Experimental and numerical
force-shortening curves

Specimen response during
post-buckling regime
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3. Experimental verification (2)

Digital Image Correlation (DIC)

U, U2 Displacement field Strain field +2.000e-073
+8,000e-03 +1.500e-03
+6,000e-03 +1.000e-03
+4,000e-03 +5.000e-04
+2.000e-03 +500000006520
+4.657e-10 -5.000e-
-2.000e-03 ~1000e0s
~4.000e-03 : : 5/0008-03
-6.000e-03 l ] -2.500e-03
-8.000e-03 i i S 00603

| i
1
z | i
] ]
L L
Digital twin

Physical twin

Speckle pattern
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4. DT-based damage diagnosis

[TANEIIXTHMIO

[TATPON
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4.1 Surrogate modeling ) LLALPOR

A surrogate model is trained with input-output pairs provided by the DT.

IP

. . . N
_ 1. Meta-model’s variables: X = {z(V, z(), PV} +  Dat
’ i=1 — L Y=X
— 3-1000
FBG spatial Load —
FBGs coordinates g -2000 |
| 5 2. Radial Basis Function (RBF) surrogate: T 2000 |
9 4 g
X(J wi(|| X(J) XU)H): y(J) e CV set: 50%
-4000
° 3 Z o RMSE: 1,21 pe
! 2 .« fixed baS|s: w(p) = p* -5000 : : : :
. . | -5000 -4000 -3000 -2000 -1000 0
3. Learning dataset: {X“’); y(“)} ,1=1,..,N Target [ue]
* N=1040 strains, i.e., 100 loads P € [0,70] kN

_ Accuracy of the trained surrogate model
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4.2 Strain-based feature extraction (‘) [IATPON

DT-based Health Indicator (HI): e e e e e e e e = —

a) Strain field w/o skin/stringer disbond

—25 1000
£

E20 -2000
X 15 -3000

100

( ) (?’) skin-to-strin //
—_ -to- ger
€, ef €t disbond :

HI; =

b) Strain field w. skin/stringer dlsbond

| I
| |
[ I
I I
. | I
\ - I
el '\ | Ex QZZZZ !
ref ; I =45 : = : 3000 |
| 100 150 200 250 1
| o c) Strain difference 223 |
=1,...,10 : FBG label | Ex i.’ i !
. ) .o 1 o0 150 200 - 250 :
. | IS Y d) Health indicator
s(%)f : DT’s strain at the pristine - HL |
re = .
state A, I T |
: . . . So | ® ! 0.1 |
¢\ experimental strain during el 0 oo 150 200 |
t H \\J_ z [mm)] |
testn g e e e e e - - -

Strain modification in the vicinity of

Important: HI strongly related to the skin-to-stringer disbonds at -50 kN

boundary conditions, e.g., load.
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4.3 Load identification ) HXTPON

Load derives from the minimization of the following squared éz-norm
objective function F:

—_— Lo

P = argmin F(z'", 2" P) = argmin{HM(:c(r),z(r),P) —ym||2} ) +

P P Random oF |g|

y"" : strain measurement by the reference FBG initialization M Puv1 = P — TP e
P1 € [0,70] kN

Iterative estimation of P utilizing gradient descent:
LOF
'oP

Poi1 =P, — 7Y : step size

Derivative term with central differences:

HI extraction

oF 11— — —
— = — \M(z,z,P) —y™"| - [ M(z,2,P+¢€) — M(z,z,P —¢)
oF < |. | ] Instance - ¢

Gradient-descent

Highlight: Load is predicted by a sensor far from damage R ,
optimization algorithm

utilizing information from the pristine DT.
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5. Evaluation of the methodology ) [LATPON

S e | S o \ T Po

. * Block loading compression-compression fatigue
FBG data acquisition

(n+1) intervals
P

min

» FBG strains recorded during quasi-static test

z fmin N :
~ [l intervals every 500 cycles
m
S | :
_I ______u___u__ J _ _ _~max
. . QS test
L Fatigue loading 0intervi:> PTS;?) u u_[
| Details of the fatigue tests
SSP Damage type Damage location Initial damage  P.uin. Pz Consecutive cycles  Failure cycles
... [x,2] (mm) area (mm)? (KN) (kN)
Test plan defm’tlon panel#1  1-10J [22.5,200] 1397.9 40 -40.0 10,000 217,000
-4.5 -45.0 177,000
-5.0 -50.0 30,000
Panel #2 1-7.4J [32.5,105] 2325 4.0 -40.0 10,000 243,000
-4.5 -45.0 80,000
-5.0 -50.0 90,000
-55 -55.0 63,000

Department of Mechanical Engineering & Aeronautics



5.1 Multi-level diagnosis

[TANEIIXTHMIO

[IATPON

|. Damage detection and localization

1, if HI; > threshold

DI; =
0, if HI; < threshold

Il. Damage type identification (boxplot statistics)

a) Type 1: Damage propagation
1, ifup > Qs+ 1.5(Qs — Q1)
PL(tg) = or g < Q1 — 1.5(Qs — Q1)
0, otherwise
b) Type 2: Stiffness degradation
L, ifup > Qs+ 1.5(Qs — Q1)

SDI,(tg) = orup < Q1 — 1.5(Q3 — Q1)
0, otherwise

a) Sensors detecting local damage (DI=1) evaluate
potential propagation

b) Sensors not detecting local damage (DI=0) evaluate
potential stiffness degradation (global effect)

Reference window Evaluation window

HI: g, Q1, Q3 ETIEI HI: pig
- F s
Rl Y NN LN N VeV @ ", »
et N NN T O NSNS vest Ll
totr --- th tRaa - te tesr - t
a) DI=1 DI=1

Reference window Evaluation window

HI: pg, Q1,Q3 HI: pg
—o 00— 00— —60000— >
totz --- tR trer - te tea --- t
b) DI=0 DI=0
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6. Results: Load predictions

[TANEIIXTHMIO

[IATPON

(1) |+ E
L ]
L ] L ]
+ +
(O)[+ | *

(10)

Impacted panel #1

60 I
Z
=50t g
-
S ok FBG 1-5
x  Optimal FBG-5
---------- Groundtruth
0 1 2 3 !
Fatigue cycles %103

* Groundtruth loads reflect to the maximum load during
each quasi-static test.

10)

+ + + + +

bt *+ + +

Impacted panel #2

" —
— ;-------nmu&
=, 50 -
i
g P
S ok FBG 7-10
x  Optimal FBG-10
---------- Groundtruth
30 ' : '
0 1 2 3 !
Fatigue cycles x10°
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6. Results: Multi-level diagnostics

[TANEIIXTHMIO

B9 0L

Impacted panel #2

FBG-6: Detached

DI
H

0 0.5 1 1.5 2 25

K [kN/mm]

0 05 1 1.5 2 25
Fatigue cycles x10°
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FBG-5
1 1
a 0.5
0 0
0 0.5 1 1.5 2 25
%10°
FBG-4
0.5
1 R — ——y
. E:—/;
0 0
0 0.5 1 1.5 2 2.5
x10°
FBG-3
1 ———l
— ;105
B _
0
0
0 0.5 1 1.5 2 25
%10°
FBG-2
1 P -1
a /105
—_—
0 0
0 0.5 1 1.5 2 25
% 10°
FBG-1: Detached
1 1
5 | —
0.5
0 0
0 0.5 1 1.5 2 2.5
x10°
— 800
£ 600
= 400 vY
o < v
< 200
0 0.5 1 1.5 2 25
Fatigue cycles x10°

HI

HI

HI

HI

HI

Damage
propagation

Stiffness
degradation
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6. Results: Cumulative predictions () HATPON

Impacted panel #1 Impacted panel #2 Impacted panel #1 Impacted panel #2
5
o 3000 : : ‘ 800 ‘ ‘ ‘ 52 52
46 1 v 17 v 2 1 Frosssssssrsesdesssssssssssssssssisss
S 9 700 o 51 51
L 08¢t i 0.8} 3 = 08
— il 7 (@) .
a 2500 1600 & 5 \ 50 50 lg
Qb 06| 06! £ € L o6 149 49 E
S Ty H 500 € o i =
O 04f g 2000 g4 200 < T 04t [y o ° X
g i ap 147 ° 47 X
(t_l'? 027 R P Max. load 11500 027 300 % 02r¢ = Max. load 146 0.2} 46
v @

E Random loads y G Random loads g E
c O : : ' 0 : : 200 = 0 . ‘ : 45 0 . 45
o 0 1 2 3 4 0 1 2 3 4 & 0 1 2 3 4 0 1 2 3 4

Fatigue cycles x10° Fatigue cycles x10° Fatigue cycles x10° Fatigue cycles x10°

Ad: Damaged area (measured with DolphiCam)

K: Experimentally measured stiffness
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Concluding remarks (‘) [IATPON

1.A structural DT of a pristine single-stringer composite panel was efficiently established in terms of a
verified finite element model

2.Exploitation of a RBF surrogate model, trained with deterministic strain data from the finite element
model, enabled the DT-based damage diagnosis concept

3.Damage diagnosis was realized with a strain correlation between the DT's and corresponding
static strains extracted from the actual specimen via permanently affixed FBGs

4.Damage-unaffected FBGs were effectively utilized as load evaluators by iteratively estimating the
load with a gradient descent optimization algorithm

5.The proposed methodology revealed the presence of a skin-to-stringer disbond and monitored the
forthcoming fatigue disbond growth
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CASE STUDY II:

Remaining Useful Life Prognhostics
in complex structures
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Prognostics it) IATPON

Prognosis (prognouosis)

A prognosis is an estimate of the future, a forecast, foreknowledge (in Greek)

Central concept: RUL = Remaining Useful Life
A feature value
RUL PDF 90% confidence
interval
Eol threshold R
SHM data-driven \‘ i
prognosis l L ¥
online SHM | e
measurements | ’,‘.:::-'::,::,Z: ---- :
. \. “.)*/’* '
® " I Expected RUL )|
| 1 ’
present eoesie
B service ume
time
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Problem Statement: RUL prediction ©) HATPON

= Data-driven prognostics require historical
data to train ML models to predict the RUL

= The accuracy of the prediction is dependent
on the degradation features (Health
Indicators - Hls)

= Key attributes

R .. Sensor data Health Advanced Hls RUL Prediction
** Monotonicity indicators
S oge
Kl Prognosablllty ¢ Data pre- e Physical Hls ¢ Health e Use ML to
processing e Virtual Hls Indicator estimate the
fusion RUL based on

historical data

Generic Methodology
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Experimental Campaign(1): Panel geometry ) LIATPON

* Single T-shaped Stiffened Panels
 Skin: [45/-45/0/45/90/-45/0] o 7 o
* Stiffener: [45/-45/0/45/-45]; : ®

ww 07

Acoustic

° - y emission

\ l
0 SMARTape

Acoustic
emission

* Dimension: i [
* 300x165x1.85 mm?3 (Nominal)
* 240x165x1.85 mm?3 (Free length)

300 mm
140 mm

PZT

* Sensors: [

* FBG strain sensors <: !

.__
* Acoustic emission sensors y 8
A . 3
* PZT lamb wave sensors ) © © ?

[P
<

165 mm

¢ >
< >
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Experimental Campaign(2): Fatigue experiments — P

Raw strain data

» 3 different fatigue scenarios were investigated with increased loading complexity:

Constant Amplitude Fatigue Variable Amplitude Fatigue Random Amplitude Fatigue
(spectrum)
_8 A _g A A Measurements
©
3 S T
min - —
max -1 max1- ; ! i !
max2-. | ! : !
> max3 - 1 I ! : ! .
Time : : . g 54—>14—>: ) »
«— Time 20 7 min Time
500 cycles 500 cycles
Measurements Measurements
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Experimental Campaign(2): Fatigue experiments —

Raw strain data

-500

-1000

-1500

-2000

Strain

-2500

-3000

-3500

[TANEITIXTHMIO

MEga o1

['VERSITY OF

» 3 different fatigue scenarios were investigated with increased loading complexity:

Constant Amplitude Fatigue

Strain

200

-200

-400

-600

-800

-1000
-1200
-1400 r
-1600

-1800
0

Variable Amplitude Fatigue

5 10 15
Sample Points <104

Strain

-1000

-2000

-3000

-4000

-5000

Random Amplitude Fatigue
(spectrum)

1000 \

0

6000 8000 10000 12000

Sample Points

0 2000 4000
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Health Indicators(1): Physical Hls ) HATPOR

= Hls correlated to physical measurements
= Extracted from simple expressions on

strain data " "
2 T T T T T 1.2 T T T
2 » ) I,
_ N El(t) vas 1 vas
* HI3(t) = i=1|1— ol e —n e
ref _c:: 1 o
N i 2 - .
« HI(0) = |2, (HE®) : :
; gi(t) el(t=0) , i
* Where HI3(t) = +—"— — = .
=¥ el(t) 21 €X(t=0) o
- 21 £(t=0)
n
0 2 4 6 e; 10 12 : ‘ : : : 12
=1,..,5 number of sensor at each foot a.... Fatigue Cycles <o’ Fatigue Cycles 10

n=1,.
N=1,...,10 total number of sensors
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Health Indicators(2): virtual Hl () HATPOR

= Hls not directly correlated to physical
measurements

= PCA based feature extraction

(dL _ dLmin)2
gy ’

vHI; = exp (—

Where, o- - ttmecimer i, o1y and €=6=0.01

SPC metrics *

vHL( = Q = XY (xi(0) — (),
7 (t)

O =2,72

1
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Health Indicator fusion(1) S) A

* Genetic Algorithms are utilized to
fuse the Hls:

(@) Maximize: F = monotonicity + prognosability

Train

Initialize GA Initialize GA

. Survival criteria New population Finishing criteria
parameters population

Split panels into

training (9) and
validation (5)

Best solution

Validation/ Test Yes

- 1 n} n;
*Monotonicity = 3L, ————
N n;—1 n;—1

Std(HIfail) >
mean(|Hlseare — Hlpair)

Prognosability = exp (—
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Health Indicator Fusion(2) (1) LATPON

H HIGA
* Accepted solution: 12 ‘
HI4+0.5HI
. Hlg, = vHI, (vHI2 - 4—5) —1 .
Hl, 0,
sp,
081} 21
o e 1 T T 1
* Repeatability (50 runs): [ Monotonicity
06 09+ [ [ Prognosability
* - average monotonicity: 0.90+0.026 - B _
* - average prognosability: 0.96+0.024 ™| 07} u
06
0.2 -
05+
0 ! ! I 04r
0 2 4 6
Fatigue Cycle:0.3 |
0.2 r
01 r
0 Il 1 Il Il 1
HI3 HI4 HIGA T2 \,'HI1 \.'HI2
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RUL predictions (1): Procedure () HATPON

= Gaussian Process regression / """""""""""""""""""""""""""" o \ R
was used for the RUL i Training Phase 1 .
estimation task | |

v

= ] panel from the test set was
used to tune the GP | Trained |
parameters: A\ model VA
“s*Linear mean function: | |
m(x) =ax+b - =O
**Matern 5/2 covariance '
function:

K@) = o2 1+\/§r+5r2 V57
=% o,  30f P o

A

) " Testing Phase

Department of Mechanical Engineering & Aeronautics



[TANEIIXTHMIO

RUL predictions(2): Results ) LLATPON

Higa

HI T2

Actual vHI HI vHI,

«10° CA-03 «10° VA-05

= Hilg, converges to the true RUL in all
cases

= vHI, shows the second best predictions

0 2 4 6 8 10 12 0 0.5 1 1.5 2

. 4 ; 5
Fatigue Cycles %10 Fatigue Cycles %10 - H|3 ShOWS poor performance for SP
10° SP-05 105 SP-07 panels

= HI, shows good performance only for
CA-03

* T2 in most cases does not converge to
the true RUL

S e — T — b = vHI, shows the worst performance,
oo a2t L A incapable of converging to the true RUL

Fatigue Cycles x10° Fatigue Cycles x10°
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RUL prediction: Performance metrics @ Jiveiioy

e Classical metrics were employed
to validate the prognostic
performance

= Mean Absolute Error (MAE)

MAE
MAPE

= Mean Absolute Percent Error
(MAPE)

= Root Mean Squared Error (RMSE)

= Cumulative Relative Accuracy
(CRA)

RMSE
CRA
&
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AE raw data @ Jirion

2.5 %10 . — _ : - 100
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g  lp=roz i — P €
& = oot niZc = oIl <

0 _/ | | | | |

50
0 2000 4000 6000 8000 10000 12000 14000 16000

Time (sec)

~2,2 million AE hits!!
Too many and not periodically distributed
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HI extraction ) LIATPON

8- |
)
3 6 .
[8)
Q
(7]
=
<
|

0 Mk “‘“: M‘MH J ‘wmm‘m AN ‘\mxi‘d‘”\hAMLMLL‘H\M‘h‘h‘mm‘\ . L
0 10 20 30 40 50 60 70 80 90 100 110

fatigue life (kcycles)

A windowed CRA (cumulative risetime/amplitude) feature is calculated in periodic
windows of 2.5 minutes or 1500 cycles
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Resulted degradation histories (‘) [IATPON

—A1
—A2

2.5

—A3J

—A4

—AS

—AT
—AS8

o ]

i | U resho
05l ﬂ {f‘ f‘/\'y{ﬁ )4\ % \/\N threshold
0 s h b ‘.; ;"« J‘%@“ ’*“"‘hww |

|
i] 50 100 150 200 250 300
fatigue life (kcycles)

windowed cumulative RA (Usec/dB)

A few tens or hundreds points each degradation history!!
Eol threshold needed — final state has to be unique
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Algorithms for RUL prediction

* ML/AI algorithms (Neural Networks, Gaussian processes, Gradient
Boosting etc)

e Statistical models (Hidden Semi-Markov models, Proportional Hazards
model etc)
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Focus: Hidden State Semi Markov model [IATPON

v’ Damage evolution in composites is modeled as a doubly stochastic hidden Markov process
that manifests itself via structural health monitoring (SHM) observations
v’ NHHSMM (an extension of the Hidden semi-Markov Models to account for non-homogeneity

i.e. age dependence in state transitions) is utilized to model damage progression

Healthy state Damage state j Failure state

&)

Observation sequence y, .. 1.e. SHM data and j possible degradation state j=2,...,N-1

Department of Mechanical Engineering & Aeronautics
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Diagnostics — Health state identification [TATPON

Coupon A2
4.5+
4
——ADL o MLS
4 LS —ADL
3.5-
g 3.5+ g
= 5 3
g 3 3
£ £
S 2 2.57
8 25- =
5 2
(o]
8 2 g%
(=)
1.5- 1.5+
1 ) ! ! ! ! [ [ 1 I I | I | | I | |
0 20 40 60 80 100 120 0 20 40 60 80 100 120 140 160 180
fatigue life (kcycles) fatigue life (kcycles)
ADL and MLS for coupon A2 ADL and MLS for coupon A9

A real time 3-D visualization tool such as X-ray CT would be required in order to monitor
in detail the developed damage mechanisms and their synergies and determine to what
extent of damage these health states correspond to.
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Prognostic results — probabilistic aspect ) HATPON
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Cumulative distribution function for RUL at t =1.5 kcycles of coupon A9

100

150 200
remaining useful life (kcycles)

250

95% percentile

300

The target in prognostics is the estimation of the
conditional (on SHM data) reliability and finally the
Remaining Useful Life (RUL) of the system.

* Reliability function:

R (t‘yl:tp,L >t M) = Pr (L > t‘yl:tp,L >, M)

e The CDF and mean of RUL:
Pr(RUL, < tlyye, M) =1-R(t +t, | yic,, M)

RUL (t|yse, L > tp, M) = [T R(t +tlyse, L > €, M) dr
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Focus - Bayesian Neural Networks () iATPON

An alternative machine learning approach handles the RUL estimation as a nonlinear
regression task mathematically described as:

y(x) =RUL(x) = f(x,0) + e

Where w the network weight and bias parameters

p(w|D)~p(D|w)p(w)
p(DIw) = T, pGilx,w) = 11, (2n/b) 7 exp [~ 2 {y; — £ (i W)
p()’newlxnew: D,a, b) = jp(ynewlxneW' w, b) p(WlD: a, b)dW

1

McMC P Vnew|Xnew, D) = m i=1 P Unew | Xnews wi)

Hybrid Monte-Carlo algorithm
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Results — RUL estimates () HXTPON

250 I I T 250 I I I T
1 200 | -
= 150 . 2 150" |
o |
w W
o . S 100 .
0 4 |
Q % L
5 1 > 50 1
x =~ \ A [\
o ] S % VA A |
- ) \ /\ (@] H
2 ~+BNN mean estimate ‘ \ S N o =1 ~+ BNN mean estimate
{50 || Actual RUL Vi / VAR VAR A U & — Actual RUL |
— Lower bound of BNN v ~ V -50 | —— Lower bound of BNN \‘ .
~—Upper bound of BNN V ' ~— Upper bound of BNN \
-100/] = NHHSMM mean estimate Vo -100 NHHSMM mean estimate \ i
Lower bound of NHHSMM Lower bound of NHHSMM ‘\\
-150(L__Upper bound of NHHSMM] | : | A 15 Upper bound of NHHSMM [ [ O\ |
0 20 40 60 80 100 120 % 30 60 90 120 150 180
Fatigue kcycles to EoL Fatigue kcycles to EoL
Mean and median estimations of RUL with 90% confidence Mean and median estimations of RUL with 90%
intervals for coupon A2 confidence intervals for coupon A9

v Both models give very good predictions even from early on
v" NHHSMM predictions are smoother — BNN predictions more “volatile”
v Cls get more narrow as more AE data come into play for the NHHSMM model

Loutas et al., Composite Structures, 2016
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[IATPON
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Demonstration video
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(" SHM training Methodology flow chart |
1 data (AE) from K :
i components i
| Feature i
! extraction " subset ) [ Y\ MLE N\ [ a !
| —| #1of K-1 [ —| Parameter [~ NHHSMM 1 |
! . . . . Model Ml 1
: histories | estimation ) | ) !
K ADL :
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Current challenges for SHM (in aeronautics) [TATPON

v’ Extra cost, non-quantified benefits, weight penalty

v’ Lack of robust diagnostic/prognostic methodologies under changing environment or extreme
loadings

v Validation / Verification / Standardization

v’ Long-term sensors reliability/durability

v’ Lack of databases for various damage types

v’ Lack of run-to-failure data

v’ End-of-Life threshold determination

v’ Scarcity of ground truth measurements
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Work in progress: ReMAP & MORPHO H2020 projects [ & Jut:eugoN

Research questions

How feasible is confident RUL estimation
based on SHM data in generic element and

subcomponent level? Subcomponents with
assembly details

(curved multi-stiffener

How reliable are data-driven prognostic Panels with ribs, fasteners etc)

methodologies when applied to complex

structures under realistic fatigue loads? ‘ . (Sf‘l'::;"sl'::"e““
: stiffener panels)

How anomalous operations phenomena, 4

such as impacts and low velocity collisions, generic elements 3
can affect the RUL? (single-stiffener panels) /

This project has received funding from the European
Union’s Horizon 2020 research and innovation

programme under grant agreement No 769288
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Happy to discuss!
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