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The SHM Chain

Systems Level Decision
Support

Simulation

Scope:

embodied, data-driven and

intelligent  assessment  of
engineered systems
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The SHM Chain

ML & Stochasti®
Indicators

Performance
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Data gathering - Domains of Activity of the SMM Chair

on board P :
monitoring for SMIM owned Aventa Turbine Haus Du Pont, Ziirich Steinavdtn Bridge, fceland train seats

roadway/railway

Transport infrastructure ~ Wind Energy Infrast. Built Environment Industrial Assets



Learning from Data
Modelling Wake Effects

Smriyth and Elliott, 2014

Motivation

» (Obtain arepresentation of
the data that is easier to
manipulate and visualize

« Capture Qols at the farm
level, conditioned on
operational variables
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Wiird def zits 113 mfs ta 18m/'s farm rnaxinum s ndspacd)

ylonas, Abdollo & Thati, Wind Energy, 2021
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Generative Modelling

Visualization of wind
deficits on individual WTs
and at the the farm level via
Conditional Variational
Autoencoders (CVAEs)
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Data-driven Modeling
The Pitfalls
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Data is not enough

“as-designed”, or DTP
Physics-based
representations
Hvbrid Models
Advanced SHM/twinnin g tasks Wt
Detection, localization, dosedloop E;Ts

gquantification, prognosis

« Used on the fly for diagnostics
& control

* Are eXplainable/Interpreatable

Purely data-
driven

representations .
“as-is”, diagnosis of a DTI

ETH:iirich
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Hybrid Modeling — Fusing Physics with Data, feasibly in Real-Time

Manlinear U':,rllalrlil:E.
Ervironmental & Cperational Variations
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'.'. % Main Use Cases
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— Data driven indicators for
diagnosis & prognosis
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— Applications in Hybrid
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Virtual Sensing for RTDTs — Predictive Estimation at the Full Field
Everything / Everywhere / All-at-Once

sensors
5) In real time A virtual sensor 1
All-at-Once
4q@.
1.hl o .
4) Large Dimensionality . g ok
structural >
structural information - Hﬂﬁﬂﬂ'ﬂﬂ
LML CEU e ) ) T
system 2) Nonlinearity - parameters
#
V.
&4 - | &
2 \
1) Uncertainty ~h |
vV v 3) Limited Observations Virtual Sensors
Qol (e.g. fatigue life)
Everywhere
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On the Consistent Classification and Treatment of Uncertainties in SHM

Disturbances d(t) quantities, or a subset thereof,
Pa (EOV) —" can be measurable via
per monitoring
Inherent variability @ Measurement uncertainty
hd
System S
Input u(t) Output y(t)
Model A/
@ > states x(t) (:-’ ) ’

Input uncertainty parameters 2
Inherent variability

Deterioration (L)

Model form uncertainty

Model parameter/variable uncertainty

ETH:ziirich Kamariotis et al. ASCE-ASME JRUES
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ML-driven ROMs for Nonlinear Dynamics

Full Chrder Budel Besmonse

T.5TH

Ingaur Freesing Regression ool

Frcouder Slep

Input Testing Foree pradicr lNNM response Deconder Step predict TOM response
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alzo checlk: Viachas, P.R, Arampatzis, G, Uller, C. at al. Muiliscale simula fions of complex systams by leaming their affective dynamics. Nat Mach inkli 4, 350-366 [2022)




Applications on Nonlinear Systems Wind Turbine Monopile

lp=4
* Three-storey shear-frame structure from Los i i
Alamos National Laboratory (LANL)
PCA decomposition 0
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Physics-based ML-boosted parametric ROMs

Example: Two-Story Frame with Hysteretic Links

r.

Ground motion excitation
Parametric dependency:
round motion orientation & Spectro-temporal signal parameters
"

Bouc Wen Hysteretic model H‘m\h - o
Total restoring force: % O 5 S P . | A

R=R;...-+ H,r]_w,r_,,w,ﬁ,-_m = ek —+— fl = []:'}HT{E

. -~ Direct on of motion
Pametric dependency: degradation/deterioration effects:
o A — vt} 3alzlz v — 0z
it
= 10— d.elf), nil) =104 deil], el = /: 211 Benchmark example featured in:
Jo :

- - " g - r - e | r L . - s
« Viachas K. et al., Jouwrnal of Sound and
Vibration 502 (2021): 116055.
« Simpson T et al. fourng! of Engineering
A MPson 1 el al., Joeurnar o N E eI

Mechanics 147.10 (2021 ): 04021061,




‘everything| Parametric Model Order Reduction

Problem statement

General a nonlinear, parametric, dynamical structural system:
M(p)u(t) + g (u(?),u(t),p) = (¢, p)
u(t) € R", M(p) € R"*",f(t,p) € R", g (u(t),u(t)) € R"

P=[p1,....,px] €QCR"

Parametric dependency on k parameters denoted by:

Relevant notation:
Mis the system mass matrix «is the response time history

fis the vector of external loads g are the nonlinear, state-dependentinternal forces

ETH:zlirich Viachas et al. 2020, httpsy/arxivorg/o b/ 2003.07716



leverything] Parametric Model Order Reduction

Projection based reduction

The goal of parametric MOR is to generate a low-dimensional, equivalent system such that the underlying physics
along with the parametric dependencies of interest are further retained.

Mr(Pj)ﬁr(t) T 8r (u(t), ﬁ(t)! pj) — fr(t? pj)

M;(p;) € R™", g (u(t), u(t), p;) € R",f:(t,p;) €R"

Galerkin Projection Basis

r<<n
u(t) = V(p;)u(t) M, (p;) =

f.(p;) = V(p;) £(t, p;) g-(p;) = V(p;) g (u(?),u(t), p;)

ETH:zlirich Viachas et al. 2020, https:/farxicorg/abs/2003.07716




leverything] Parametric Reduced Order Modelling

Handling Nonlinear Behaviour

Addressing Nonlinearities:

» |ocalized phenomena dominate response due to nonlinear terms
Solutions span substantially different subspaces

How to link basis functions to the parametric space? — Partitioning / Clustering strategies

ui,__l' %’uﬁ wgm

——V(p1) = V(p2) = V(ps)

Original parameter space

rie _ re FE 1
b qlahal — [v?nnn..' 1 Vim Sl g Vifnr:r.t.r:;,rJ » V}.L}ﬂﬂi i Vglubal'_'i
ETH:zirich
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VAE-scheme for parametric ROM treatment

Conditional Variational AutoEncoder

In our case - Explicitly treat parametric dependencies — Conditional VAE
Th e@ﬁd&p@are injected both at the input and at the [atent spaceduring training
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Framework Validation
Shear frame with hysteretic links
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Uncertainty Quantification
Confidence bounds produced via the generative VpROM model

Parametric ROM evaluated 40 times using 40 VAE draws — Plot mean and SDat each time step
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At the Nexus of Models & Data = Physics - enhanced Learning

& A Physics-guided NNs (PgNNg)
- : Dicticoary Methods (DMy)
: : Phyzics-lnformed NNz (PINNs)
- o e Clonsirained GPs (CGPs)
Bl P gI\ Ns Physica-encoded N3 (PaNNs)
| : White Box (WR)
( fhﬂprﬁr 3 Ch:-lptt.‘[‘ 0 ,i, Bluck Bux (BB)
. >
1 ™ | :
E I’INNs DMs CCPs
B L :
Chapter 6 u |
y PeNNs
z Chapter 7.
= .
BB

B
ETHzirich Tia ke Preprint: hitps://arxiv.org/abs/2310.20425 More Data




At the Nexus of Models & Data = Physics - enhanced Learning
WB

Yore Reztricten

BIf

Chapler 3 |

ETHzirich Preprint: https:/arxiv.org/abs/2310.20425




White Box Hybrid Schemes: Bayesian Filtering

Consider the general dynamical system described by the following nonlinear continuous
state-space (process) equation, which is transparent (the model form is fully available/accessible)

X = f(x(t), u(t), w(t)) model
(possibly ROM)
and the nonlinear observation equation at time t = kAt
data
Ymlt)=y(t) = h(x(t), v(t))
or in discrete form:
Xiv1 = F{}t’k, U, wk} Uﬂtﬂl’tﬂinﬁ"

Vi = H(X:, Vi)

where X, is assumed to be a random variable, W is the process noise vector with covariance matrix Qu, Vi is
the observation noise vector with covariance matrix Ry, and functions E H can be nonlinear in nature

ETH:iirich —



Posteriorat t; 4 Prior at t,
o -9 0 ®
Predict Step physies )
® —————»% 0/ @ / o g -
L] X = FX-1, U1, Wic1) —
o ~dynamics equation
® - | 0O O
SigMma points NS
gpa rtlijcles p(}{f{ l Y1k )
Prior at t, Posterior at t, likelihopd = prior
O O O D(}’H ka)p(xk Iyi:lcri)
o O P (Y [Yaxa)
O —ep
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Nonlinear Bayesian Filtering




Virtual Sensing
Everything / Everywhere / All-at-Once

A 4 virtual sensor
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Developed schemes for

State estimation

Joint state-parameter

estimation
(collab with A. Smyth)

Input-state estimation
(collab with 5. Eftekhar-
Azam, Costas Papadimitriou)

Joint input-state-
parameter estimation

Non-smooth Systems
(collab with M. Chatzis)

Systems with spatially
distributed Inputs

Nonlinear Bayesian Filtering



Bayesian Filtering for Virtual Sensing
A Tutorial

Journal of Structural Dynamics
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Real-Time Vibration based Crack Detection using pROMs

Application: Crack Detection on Fuselage

Tools:

: + XFEM
- é * Reduced Order Modeling

ETH:zlirich Tatsis, Agatho s, Chatzi, Dertimanis (2021)

* Hierarchical Bayesian Filtering
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Computationally affordable physics-based Models

Parametric Model Order Reduction
@ : Crack parameters —>

M(0)ii(t)+C(6)u(r)+K(O)u(t)= SFP(I), uell” non-smooth base vectors

V(0)'S,p(1) .a=V(0)a(r). a<0*

=
)
—
e
—
b 8
S
+
)
—
e
—
et
—
e 8
e
4
F
———
S
e
et
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e 8
e’
I

V(f:?) Reduced basis, extracted via clustering over regions of the parameter space
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Computationally affordable physics-based Models

Parametric Model Order Reduction

Discrete minimal
surfaces

1 b |
i e
| L g g L ]
A

initial mesh fliat mash

morphed mesh

| ——FOM
L lr\ 0 ! ---- ROM

| '

A ;
AN A

Displacemeant
o
3 ™

ﬂ - i i i
0 a.01 002 003 0.04 0D0s 0.06
Time

Q.07

ETH ziirich Agathos, Totsis, Chatzietal (2021)
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Real-time state-input-parameter estimation

Hierarchical Bayesian Filtering approach

Input-State Estimation

The Augmented Kalman Filter (AKF)

1 =Aa(9) w T ( )pk"'ﬂ
=G, (0)x,+73,(0)p, +w,
x° =[Ik} Pra=P 1L,
o or GP-LEM"

._|A(6) B,(6)
1*__ 0 I
Y :fo ("9) J, (H)

ETH:iirich

L
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X, +W,

Tatsis, Chatzietal. (2021, M55P)

Joint input-state-parameter estimation
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Inverse Formulation — Damage Detection

Results — Crack Localization

Parameter estimation results from five different runs
depictedin red, blue, green orange and grey;
actual values represented via black dashed lines

é' () [m]
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a2 (v.) Im]

11,40

~

0.3k A

6 (1.} [m]

ETH:lrich Tatsis, Chatai et al. (2021, M55P)



Inverse Formulation — Virtual Sensing

Results — Response Prediction in unmeasured
locations

Response estimation at unmeasured points A, B, C and
D; green line represents the actual noisy signal and
black dashed line depicts the predicted response

_ Lo FOM1 FOM2 ROM
i ,  size 65,730 50 40
T elements 10,402 10,402 258-270
;*' 1405 number of — — 8

- ol clusters

S rp— 2 0.0000 1.8279
B ; 03 o
f (3 | A mean error % i 0.0000 0.6123
o solution time (s) 71.5201 22.8316 0.1288
305 4.z speedup = = 177.2420

- 1 s W54 96wy
ETH zlirich Tatsis, Chata et al. {2021, MSSP)
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Application: Interactive Digital Twins - Closing the loop
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Grey Box Modeling — Coping with Model Mismatch

Clikea hacjers. net

Il ravd ra e el

Imprecisely Complex Systermns exhibiting
known/modelled structures & nonlinearities
systems assemblies

mz’ur;ch Chair of Strucuraiktechan os & konftoring. ETH2 Grich 15



At the Nexus of Models & Data = Physics - enhanced Learning

ETH:iirich

Paper

Code

----- Bayesian Fillering (BF)
A Physics-guided NNs (PeNNs!
- Dictionary Moethods (DM
; Physies-lnformed Nivs (PINNg]
. Clonatrained GPs [CGPs)

E f_’;NNH Physics-encoded NNs (PeMNa]
E White Box [WE)]
Jhapter v Black Bux (BB)
", 4
PINNs DMs  CCPs
ipter 6 e

PeNNs

Chapter T | _ '
- Seilalingd Chapter 4

: BB
L re——————

Preprint: hitps://arxiv.org/abs/2310.20425 More Data




Black Box — The temporal VAE / DMM

Lrerrvsilion

Z; = fal{Zi—1]
B
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G [ #r1 [x]
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n(x,z)
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=]

Nonlinear State Space

z, = flz, 1,ap 1) 4wy, (fransition)

Xe = {8 ) + s, (ofrservedion)

The latent space has no physical
connotation

The model largely depends on the quality
of inference model g.

poor generalization ability

Goals
» Capture physically disentangled
latent representation

» Generalize to behavior lying
beyond the training dataset

]



Physics-enhanced Learning 1 4
Developed Methods \
P Physics-encoded Schemes y Physics-Informed
PhYSICS‘EU[dEd SChE]"I"IES Variational Autcencoder mmb::fli !KP
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Physics-guided Deep Markov Models — . |
tﬂr;iﬂ = [(h{1).L.0) PWEEZ‘LT;T;BEE[; ‘ i ‘ . 1-stepa head PINN
l ) it s e AR S predictors
Lilllrl!.'ll ("./-::_ 1 e -_? Sl SR SR | -
g~ = for((4). 1) 4 i _iﬁ =" | symplectic Encoders
“x:-s:»‘f k
WAt 8

Lai, Z, Mylonas C., Nagarajaiah, 5., Chatzi, E., 15\ 2021
Wei Liu, Zhilu Lai, Eleni Chatzi, M55F, 2022 | Bacsa, K., Lai, Z, Liu, W, Todd, M., Chatzi, E., (nature) Science Reports { 2023)



Physics-Guided Deep Markov Models for Learning Dynamics
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Physics as a bias in the NN architecture
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Verification — Pendulum (testing results)
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SBB CFF FFS

Drive-by Monitoring On Board Mpnitoring Online Monitoring & Decision aid
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Application: On Board Monitoring for _-. T
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Neural EKF

Comparison with VAE
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The VAE employs an inference network parametrized by @, which is an extra set of

parameters independent of dynarmics model parameters .

The objective function evidence lower bound (ELBO) largely depends on the quality of
the inference model and only weakly on the transition dynamics model, often rendering
the training of the dynamics model insufficient and the learned model unsuitable for

predictive purposes.

Conducting inference by means of a Neural EKF only depends on the dynamics model of
parameters & and does not require additional inference model parameters ¢ to be
trained, thus guaranteeing accurate dynamics models for prediction.



Applications: Virtual Sensing & Damage Detection

Seismic Response Prediction, Neural EKF
6-story hotel building, San Bernardino
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Physics-informed Neural ODEs
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Lai, Mylonas, Nagarajaiah, Chatzi, 15V, (2021)

Physics-informed Neural ODEs
Equation Discovery — Dictionary learning
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Material characterization as a discovery problem ’
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MNon-Measurable

Measurable 7 a

Constitutive Law

L \ Stres} distribution in the
Strain/Displacement — | ISymbolic Expression| | — whole medium

\ J

Requires expensive testing to fit
experimentally

by: Pygan E. Br shat -E D eep Learni ng

Discover a model that predicts symbolic expressions that describe
how different materials behave from displacement data

Discovery via formal grammars

ETHziirich Kissas, Mishra, Chatzi, DelLorenzis 2024, https:/larxiv.org/pdf/2402.0426 3. pdf
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Representing mathematical expressions as trees ETH Al CENTER

ETHziirich

Example: Neo-Hookean Material

W =0.5(1, -3)+1.5(J 1)

Symbolic regression first translates the mathematical
expressions to structured representations (S-expressions)
and then learns to predict expressions from data

Kissas, Mishra, Chatzi, Delorenzis 2024, https://farxiv.org/pdf/2402.0426 3. pdf
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Representing mathematical expressions as trees ETH Al CENTER

Example: Neo-Hookean

0.5 (1 — 3}@5?{?2_13;

ETH ziirich Kissas, Mishra, Chatzi, Delorenzis 2024, hitps:/farxiv.org/pdf/2402.0426 3. pdf
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Representing mathematical expressions as trees ETH Al CENTER

Example: Neo-Hookean

O =TT —— 1(;)/ 0

ETHziirich Kissas, Mishra, Chatzi, Delorenzis 2024, https://farxiv.org/pdf/2402.0426 3. pdf
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Representing mathematical expressions as trees ETH Al CENTER

Example: Neo-Hookean
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ETHziirich Kissas, Mishra, Chatzi, Delorenzis 2024, https://farxiv.org/pdf/2402.0426 3. pdf
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Representing mathematical expressions as trees ETH Al CENTER

Example: Neo-Hookean
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ETHziirich Kissas, Mishra, Chatzi, DelLorenzis 2024, https:/larxiv.org/pdf/2402.0426 3. pdf
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Representing mathematical expressions as trees ETH Al CENTER

Example: Neo-Hookean

0.5 @ €3 +15- {J—]f

ETH zilirich Kissas, Mishra, Chatzi, DelLorenzis 2024, https://arxiv.org/pdf/2402.0426 3. pdf
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Representing mathematical expressions as trees ETH Al CENTER

Example: Neo-Hookean

0.5 (f - 3) + L5- (D)2
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ETHziirich Kissas, Mishra, Chatzi, Delorenzis 2024, https://farxiv.org/pdf/2402.0426 3. pdf



Formal Grammars ’
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Definitions

Formal Grammars are defined using:

S: Starting Symbol

Non-terminal symbols

Terminal symbols o .

Production rules

The non—terminals W and L are used for recursive substitution of operations and literals (i.e. constants
and variables).

ETHziirich Kissas, Mishra, Chatzi, DelLorenzis 2024, https://arxiv.org/pdf/2402.0426 3. pdf




Formal Grammars

Syntax

Grammar Definition
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Derivation
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Formal Grammars

Semantics
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The Language of Hyperelastic Materials

Define a language that derives syntactically valid mathematical expressions whose semantics satisfy physics and
more specifically the constraints of constitutive laws.
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Constructing a virtual library of Hyperelastic constitutive laws

________________________________

3. uz 7 & 5
i 1
Ty = ”_-H"l I__.--E'|J.| = #I.'“'_‘l
) | b=
1
ﬂ'?] R
i = LT
& !
o =1}
T

Solve the boundary values
problem for different
constitutive law models

ETH :iirich

7

1.

L3

g+ TL P L10-31:F

e

11

I-"'._.'\"-." --..__Il__.- 'h.lll
| R | o
: AT, i
_ _l__,-"-._.-*-a,_H__ _ - S
T et .xn'f _"‘M:II k":-"“
I'}-_ ] I I.{”" I’J.a‘!J ‘::-_'J
.y e 3 -—
o N N o TN N
S T I 8 o el N s I L7EL| \ F
i ___,.-" "*-._.-"'I'-._‘_ L }r—t’ Ilk“-\.‘_ .-__.l R
e "-.II T _'“H_ -
B i G - S el
P L
- -.--\“*.
] ]
W, K
i,
o 3] -
&
! 'I-<‘| |
A _<]
- T
" '.Ill"
| Dl | o)
. A
12
1u-
0.8
LE -
[
0.3

Lo

il

2N =T H1082 (10— 0801- T -1 6721781 - F

Kissas, Mishra, Chatzi, DelLorenzis 2024, hitps:/farxiv.org/pdf/2402.04263.pdf

ETH Al EEHTEﬁ\

L o
I.l I\.I. b
I I S R
LY ' o

LN

e

lI.i-

L4 -

-

AN

Jrerpll1—1809—1:F




Data-driven discovery of constitutive laws: Overview
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Training of a Symbolic Regression Algorithm
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Application Data-driven discovery of constitutive laws ’
DIC Data on Plate under Biaxial Tension ETHAITENTER
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Data-driven discovery of constitutive laws

Results

Relative error between the

predicted strain energy
and the baseline for
different models

Parameterize the deformation
gradient for different types of
loading.

ETH zirich '

ETH &1 CENTER

>

ETH Al CENTER

Meodel Discovered Expression Relative £ Emror
NH. o =0 W =051, —3]—1-5-{;— 1)2 )
NH,o*=10"" W =051 -3+ 1.5.-{J 1]'*’ i
NH.o* =10 * W =0.49- ([ —.t}+1a (J—1)° 0.012
Maodcel Discovered E}.prcssiﬂn Relative £* Error
1S.o™ =10 W=h-34+05-(L-3)+L-37+15-(7-1) 0011
18, 0% = 1074 W=0 -3+05- (-3 +(H-374+156-(J-1) 0.011
S,0°=10° W=(L-3)(E-3+15-(LL-3)+15-(J-1)7 0.014
HW. " =0 W =15 {I-3)+{L-3°+15-(-1+J)° 0.0l
HW,a"=10"* W=( -3 (I - +15 (>3 |.; (—1+.J)° 0.007
HW, o' =10"% W —J — 3] - u_;_—“-s,.+1a [;}_—ﬂ]|+1.ﬁ-nj—1+_.lr]1 0007
GT, = =0 W =0.5. [ﬁ 303 (a3 H1E- (T 1)° 0.026
GT, o =101 W =006 (I —3)+0.3. |;;F -3+ 1.53-(J=1) 0.026
Cl, o =10~ W =05 (h-3+02-(E=-31+15-(J-1)° 0.026
1 |~ 0 A 1/(1++) 0 0@ |~ 0
For=| 0 1 n]__ 'F‘[,-.:;:[ 0 1 0, F‘Hz[n 1 0
Do 0 I o 1
I+~ 0 0 L1 —) 0 (7 L+~ 0 0
For= 0 14~ 0|,Fg;= [ 0 11—~ 0 Fpy= |: I 1/(1 4+ ) U]
| 0 0o 1 0 0 1] 0 0 1




O e BL

W for B

WF [Tk o

Data-driven discovery of constitutive laws

Results

% Neo-
- Hookean

i
- s ] L3 1.2
W

l'l'llzﬁr.".:h .

ETH &1 CENTER

Ja B

Y

iyl 1

Py for BT

=

WII) dor 'S

W K] for UC

WF) Jor 55

Ishihara

Fip for 55

>

ETH Al CENTER




Bing Image Creator |




Spotlight: Mobile Sensing for Transport Infrastructure

Digital Mobile Sensing Platform
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Decision Support for Railway Assets
Optimizing Operation & Maintenance of critical assets
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Optimizing Post-Disaster Recovery with DRL for Resilient Infrastructure

Harnessing the power of graph representations we can support decision making at network level
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Application: Electric Substation Recovery
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Application: Electric Substation Recovery
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GNNs for Transfer across Ecosystems

Harnessing the power of graph representations for transfer across populations/fleets
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Application: Population-based Prediction for Wind Farms

Harnessing the power of graph representations we can enhance learning &
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Augmented digital twins for structural monitoring & decision support

Aunpmented digital twins for stractural monitoring and Jdecislon support
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