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1.1. Structural Damage Detection

Damage Installed .
Approach Indicator(s) |sensor(s) m Detection approach Cost
e Visual testing Practical assessments
Inspection o - = A
examination on site

Natural
frequencies
and/or mode
DET-EM shapes
Driven Machine learning
Fatigue loads e Strain gauge > 20 Hz Monitoring of DEL via
(DEL) (direct measur.) regression and/or anomaly
detection approach

Accelerometers > 20 Hz Vibration-based

State-of-the-art
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Scope of the analysis
(other possible approaches)

1.1. Structural Damage Detection

Damage Installed .
Approaefindicatorts) M e

Data-
Driven

Visual testing
examination

Natural
frequencies
and/or mode
shapes

Fatigue loads
(DEL)

Anomaly in
SCADA data

Anomaly in
other
measurable
signals

Practical assessments
on site

Accelerometers > 20 Hz Vibration-based

e Strain gauge ) i
(direct measur.) 220 Hz Machine learning

Monitoring of DEL via
SCADA regression and/or anomaly
(.indirect measur.) 10-min detection approach
(continuous)
* Wind
* Power
* Rotor speed

Machine learning
SCADA 10-min (1) Classification approach
for identification of the
damage indicator(s)

I llll
SCADA < 0.002 Hz I

(2) Monitoring of quantity via

e Strain gauges : o Di
* Accelerometer o . regression andfor Pitch angle
e Inclinometer -min anomaly detection * Yaw error

...etc. LIRS
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1.2. Brief on Machine Learning (ML)

Data
Science

Data
o Classical
Mining P rogra;nming

https://vas3k.com/blog/machine learning/

CLASSICAL MACHINE LEARNING

Data is pre-categorized
or numerical

SUPERVISED

Pred ct Pred:
Aaleacedary a iur:ger
CLASSIFICATlON
«Divide the socks by colorn

REGRESSION

a«Divide the ties by lengthn
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Data is not labeled
in any way

UNSUPERVISED

Divide |dentify Sequences

by similarity
CLUSTERlNG Find hidden
«Split up similar clothing dependencies

into Stacksm»
= ASSOCI|ATION

=/ «Find what clothes | often

P
= [ wear togethern

DIMENSI|ON
REDUCTION
(generalization)

«Make the best outfits from the given clothes»

o

& ROMEO


https://vas3k.com/blog/machine_learning/

Methodology

REMS & A, ROMEO

Universityof
RENEWABLE ENERGY MARINE STRUCTURES Strathclyde
Glasgow




2.1. Causes of Changes in the Dynamics

0 Integrity of the Structure 9 Environmental Operational Conditions
Healthy Damaged (EOC)
nflowwind - - * Inflow wind
/ /
_ __ | WS _desien W,
__.---..'_C.!;.'_.f --'--:.:I:'Ff - Tl[%]: .

Wind Speed [m/s]

* \Wave loads

o
3 £
S s
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2.2. Effect of structural integrity

Healthy VS Damaged
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2.3. Effect of EOC

Wind shear Turbulence intensity

Force X Moment X Force X Moment X
10 1.0 1o 1a
Inflow wind
0.8 4 0.8 4 0.8 4 0.8 4
/
é 0.6 4 0.6 4 0.6 0.6
é 0.4 4 0.4 1 0.4 % 0.4 A %
— J 0.2 1 0.2 1 0.2 0.2 7
> = . 11"- 0.0 . . . 0.0 . . . 0.0 . . . 0.0 . - :
WS lower design WS upper WS lower design WS upper T lower design Tl upper Tl lower design Tl upper
—_— \) Force Y Moment Y Force Y Moment ¥
10 10 L0 Lo
—_— 0.8 0.8 0.8 0.8
— 0.6 0.6 os-% 0.6
—_— 0.4 0.4 1 0.4 0.4 %%
> 0.2 1 0.2 1 0.2 0.2 4
Wave 0.0 T T T 0.0 T T T 0.0 T T T 0.0 T T
WS lower design WS upper WS lower design WS upper T lower design T upper Tl lower design Tl upper

Current | ==——=p

Z=] 1 B 2 = 3 == 4 . 5 [N | I Il L]
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2.4. Detection Study Approach

SYNTHETIC DATA GE}:IERATIDH

aff’m_ /  Need for information from

Time histories damaged status
=2 ':"«I-:-' post-processing in . . .
........ '\ 110 min stafistics * Use of simulation model of turbine
i uncertainties ¥ ,|- -
i l l|= S k] « Consideration of variation in
;s | 9 environmental and operational
L | | ROSAP (FE) conditions (EOC)
LACHiex (AHSE)
wind furbine | semi-coupled
| simulations

support structure —
(healthy/damaged) Ik *:JI
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2.4. Detection Study Approach

il
I

SYNTHETIC DATA GENERATION

" foperational
o] e

uncertainfies
5 L
1

:
.
| : | o
i ' i
v ' - ]
. —

Generic model
wind furbine

FE model
support structure

{healthy/damaged)

DATASETS

» S0 databasze PROCESSING

Time histories
post-processing in
[\ 110 min statistics

*»

Lol | ROSAP (FE)

LACTex {(AHSE)
semi-coupled

simulations

. signal

Update
-« datgsst -,
Feature/
Dimens.

f Training Set L

G6%

=

33%

reduction

. Split dataset
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» Healthy VS damaged
signals, and identification
of damage indicators

 What ML approach to
select?

& ROMEO



2.4. Detection Study Approach

* Tuning and training

» Testing the goodness of
damage detection VS EOC

FE model
support structure
{healthy/damaged)

SYNTHETIC DATA GENERATION DATASETS TRAINING AND TESTING

— PROCESSING

: Start operational Stratified K-fold cross T
ﬂq__a_ load cazes Training Set > '-..-aliu:rllaliun fmetiuning of —)@'&"'LL”C =

yparameters
'_‘1_"_ Time histories . Extra G6% v
= "%t |post-processing in - signal i —
---------------- _'.' et > Fitting to all training data |

; uncertainfies | e g :

; ] h 4 Update - X confus. me
:T b L= sy et Test Set » Ferfor_mance e'..ralu_atlun +< e r:“'{’:ﬂ)
:'| | 2 | . ' (classifiers comparison) reliability plal

. Wamnands | 0y ! \ 5 Faaitey 33%
; Cimeans.
»| | ROSAP (FE) Y vy raduction
1, |LACTiex (AHSE) Pealine 2o Spiit dataset
wind furbine [ semi-coupled s-calllng
=3 simulations i e e s > Test Set I.|.. | Performance evaluation
Sat C _T_E_SE ?’_e_i (classifiers comparison)

Recommendation
on best dataset and classifier salisfactory
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2.5. Classification algorithms and methods

Well-known classification algorithms
Cross validation (CV) on subsets of training set

i Predicted
o tuning of hyperparameters Healthy Samaged
o selection of solving methods o -(GorReqalive) | (1or Positive)
. _ ?anry True Healthy | False Damaged
» Testing set for E : (TH) (FD)
5 Negative)
o stochasticity of the EOC < (123"332556) FaIS?FI-Le)aIthy True I(?ra[t;r;aged
(wind and wave)
o uncertainties on the EOC TD+TH
. . acc = m acc/TDR FDR
(turbU|ence IntenSIty) otal popula ® below 60 above 40
- Performance evaluation TOR= 2o Y I
o confusion matrix (acc, TDR, FDR) cor . D ®| 110000 | [0;10]
o confidence of prediction (reliability curves) TH+FD TDR: damage detection rate

FDR: false alarmrate
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Damage and Datasets Definition
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3.1. EOC load cases and Datasets

« DLC1.2

— © average wind speeds

— 4 wind directions
— 12 wave angles

* Turbulence

TI[%] ] —

Wind Speed [m/s]

» 9 seedings (stochasticity)

16

Training
Datasets

(D)

Testing
Datasets

()
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Loadlng
M

design 5,904
D1 design + Tl 11,808
D2 design + Tl 11,808
D3 design + Tl + Tl 17,712
T33 - 33% D#
T1 Tly 5,904
T2 Tl 5,904
T3 Tlyy 5,904
T4 Tl 5,904
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3.2. Sensor setups

e — ' S0[s1]s2]s3]

Inflow wind

_ Nacelle direction YawPos [deg] X X X X
i
Wind direction WDir [deg] X X X X
—_—
_—> VETTEILLS YawErr [deg] x x x X
= = (misalign. error)
é ;
—_ A ) ¢ SCADA Wind speed Whub  [mis] x x x x
: Power Pow [kW] X X X X
é A
—_— Rotor speed RotSpd [rpm] X X X X
—> * Pitch angle :
Wave iz (Collective) PiPos1 [deg] X X X X
Current | === ¥ Y Accelerometer AV WL 2 [m/s?] x x X
acceleration AyTT
. 2D Rotation at UrxF
. 2D Bending MxFO
‘ Strain Gauge moment at interface  MyFO L3I x
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Detection Feasibility
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4.1. Preliminary results

» Acceptable classification
o Logistic regression (LR)
o Support vector machine (SVM)
o Random forest (RF)

for below (BR) and above (AR) rated design cases

Sensor set up
ensor type S0 mmm H
109,107 X X X X

I

, DO T33 TT T2 T3 T4
Classifiers

acc. acc. TDR FDR acc. TDR FDR acc. acc. acc. acc.

LR 70% 69% B o  70% 0 & [50% 50% 52% 52%

% SVM (poly) 70% @ @ 71% I &  50% 50% 53% 54%

________ RE ... 8% ® O 6% ¥ 5% 8% 66% 72%

LR 61% 61% 1 1 [50% % %  50% 50% 52% 50%

Z SVM@bh) 64% 89% ¢ @ 64% I 1 [50% 50% 52% 50%

RF 70% [l® ® 9% I ¥  56% 56% 60% 59%
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Loading conditions

DO design

D1 design + Tl

D2 design + Tl

D3 design + Tl + Tl

T Ty
T2 TI,

T3 Thay
T4 Tl

TI %] ]

"Wind Speed [m/s]

* Not acceptable for variation of
EOC (turbulence intensity)
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4.2. Varying training dataset

¥ Toa]e
ensor type
Y s1s2]s3]

SCADA X X X X
Accelerometer I GHED SN ¢

Inclinometer X X X

Loading conditions

DO design

D1 design + Tl

D2 design + Tl

D3 design + Tl + Tl
TS5 -

T Tly T%l
. P T2 TI
* No satisfactory results for LR and SVM . T3 Thy
T4 Tha
* Improvements of RF (see table below) Wi Spesa]
T33 T2 3 T4
Dataset Sensor
acc acc TDR FDR acc TDR FDR acc TDR FDR acc TDR FDR acc TDR FDR
D1 S0 82% 85% ¥ 63% % 1 69% 1§ & 72% [ g
D2 S0 88% 91% @ b 8% I @ 80% @ §
x D3 SO 67% 88% @ 73% 1§ ! 8% I o
m
B YR SO 68% 8% o 1 63% B & 9% 1 X % X &
D2 SO 76% 91% [ 57% @ R 68% @& M 0% ¥ [
D3 S0 60% 88% U 73% 1§ ! 8% « &
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4.3. Varying sensor setup msn s2 53

Loading conditions
DO

design
D1 design + Tl
D2 design + Tl
D3 design + Tl + Tl

SCADA X X X X
Accelerometer [I"GHED SHED 4

Inclinometer X X X

T1 Tl
. . - T2 I,
* Investigation for RF (see table below) * T3 Thy
T4 Tl
» Overall satisfactory performance for S3 setup
T33 T1 T2 3 T4
Dataset Sensor
acc acc TDR FDR acc TDR FDR acc TDR FDR acc TDR FDR acc TDR FDR
% S1 9% 9%% @ @ o66% I M 0% ! @ 76% @ [ 84% 1 @
DO S2 95% 9%% ® @ 638% 1§ I 81% [ ® 73%@® 1 85% H ]
S3 94% 95% ® @ RN% ¥ ¥ %Y B W% ¥ @ 9% ¥ @
% S1 91% 9%% v @ 66% @® B 0% R @ 76% @ [ 84% 8 @
DO S2 N% 9%% ® @ 830 R 3% @ 71B%xO® ¢« 385% R @
S3 91% 95% & « 2% @ [ 86% % @ 90% & « 9% ! @
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Loading conditions
Sensor type

DO design

D1 design + Tl

D2 design + Tl

D3 design + Tl + Tl

4.4. Optimal training set ?‘3"‘? -

X X X
: T33 -
Inclinometer X X X T TI,
. . - T2 Tl
- Satisfactory detection for RF SCanica o X T Thy,
T4 Ml

— below and above rated
— all level of turbulence intensity

°
®

* Acceptable performance for SVM
for below rated and Tl below
90t percentile curve

]
&

°
e

........ Perfectly calibrated

Observed fraction of damaged

— SVM on T33
CvV T33 T1 T3 T4 024 - z}fhgno;l3"g4
acc acc TDR FDR acc TDR FDR acec TDR FDR acec TDR FDR o ggg%‘
~ RF 95% 97% & o 82% L 91% & L4 96% & @ 0ol o T RF on T1
B SVM 90% 94% & 8] 53% & I 64% 1 ! 91% @ oo o2 oa as os 1o
RF 9% 9% ® @® 2%® ¢ 9%® « 9%vy @ ol
SVM 74% 78% ¢ <« [53%«¢ % 60%¥Y X 52%%X [ SO
é 600 1 :
4009 =TT e P,
2001 | === _; 777777777

Mean predicted probability
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Conclusion and Future Works
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SVM: support vector machine -based classifiers
RF: random forest -based classifiers

5.1. Conclusion

Loa'd'mg Sensor setup | Perfromance on test set
» Feasibility of detection of a member condifions

: y S _ DO D1 D2 D3[S0S1S283|T33 T T2 T3 T4
loss in offshore wind jacket structure via X X EABABABATGBA
low-resolution data is proved X X B A BABABA
- Tower top accelerometer can give X X BAB ANEE ABA
indicati the presence of the damage SVM XX D d
indication on pre ge, X X = e - B
but affected by varying level of Tl X X [BABABABABA.
* Tower bottom inclinometer improves X X (|8 A IENCEERENEN © I
the prediction X X|BABA B A LN
X X B ABABABABA
X X B A A BABA
X X B ABA B ABA
5.2. Future Work - X | 5 A s A B A
X X B ABABABABA
. age . . X X B ABABABABA
1) Appll_cablllty fora real e_pr0|tat|on of a X Mo A AL B Ao
machine learning detection approach X xleABABABABA

based on the simulated data Overall performance: Satisfactory B- below rated

2) Detection other damages/levels Acceptable A: above rated

Not acceptable
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Questions?

Thanks for your attention!

This project has received funding from the European
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Loading conditions
Sensor type
S0 EE DO design
1 - D1 design + Tl
4.2. Varying training dataset R o 1 S 22 deson s T}
Accelerometer ISP SHED ¢ D3 design + Tl + Tl
T33 -
x x x ™o,
Strain Gauge X T T2 Tl
T3 Tlyy

* REF reliability curve RF below rated T4

ML

T33 T1 T2 T3 T4
acc acc TDR FDR acc TDR FDR acc TDR FDR acc TDR FDR acc TDR FDR

Dataset Sensor

D3 SO0 7% 8% @ ® e 11 2% 1 ¢

04 i I

BR

08

0.6

Observed fraction of damaged

1200 4
% 0.4

1000 4
E 800
4 - Perfectly calibrated
© o1 o — RFonT33

400 --- RF onT4

--- RFonT3
2004
0.0 [ i
° 0.0 02 0.4 0.6 0.8 10
Mean predicted probability Mean predicted probability
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5.2. Future Work

« Applicability
— based on simulated data
— Does detection algorithms

accommodate model
uncertainties?

— If not, suggest a detection
approach trained on
healthy data only

Zas—design

A

Az~Aq

Ay<KAq
L)
FE—updated real

i)

“ FE model ™

- as-designed

Semi-coupled
simulations

R

damaged
healthy !

=

P W

y Aero-senvo-elastic’ b
. model of turbine

»>

FE updating

FE updated ™.
model

4

Semi-coupled
simulations

S

: healthy _

v

Training
algorithms for
classification

» repeat for other type/level of failure...
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Training
algorithms for
anomaly
detection

Recommendation
on best algorithm and

'l

I

__;’ Temporary

/ campaing /

dataset
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!

<«—— monitoring /

Update training
set and re-train
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