. Chair of Structural
E'HZUf'ICh Mechanics & Monitoring

Graph representations as a natural
learner for monitoring and twinning, with
applications to railway, wind energy, and

bridge assets

Eleni Chatzi
ETH Zurich
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(infra)structures as
cyber physical
systems

— digital system

sensing, computation,
control, networking

dSSEessS

-l

— physical system

— disruptive agents




Data Sources at the SMM Group

PTOON, Wind Farm Greece Monitoring under Demolition — SBB Bridge, Sempach

Acceleration

SMM owned Aventa Turbine Haus Du Pont, Zliirich Steinavotn Bridge, Iceland train seats

on board
monitoring for
roadway/railway

Transport infrastructure ~ Wind Energy Infrast. Built Environment Industrial Assets









Data is not enough | Hybrid Modelling

‘as-designed”

Physics-based
representations

Hybrid Models

* Advanced SHM/twinning tasks !
. L Interactive,
Detection, localization, losed | DT
guantification, prognosis et lloio L1k

* Used on the fly for diagnostics
& control

* Are eXplainable/Interpreatable

Purely data-
driven

representations g :
as-is”, diagnosis

ETHzirich

Hybrid

Simulation Paths

© dnv.com




Modelling Complex Systems under Operating Environments

Nonlinear Dynamics , , o
Environmental & Operational Variations

Parametric reduced order models Distributed excitation

e

mm rt = S K

o

pla) =GP (m(r). k(r.2"))

Domain decomposition .
Data assimilation

Observations

J—
{f
( -- B Improved |
[\ predictior Assimilation

~— t L )

Photo Credit: Dr. K. Tatsis

ETHzirich

Chair of Structural Mechanics & Monitoring

Use Cases

— Reduced Order Modeling
for Virtualization &
Twinning

— Virtual sensing for real-
time estimation & condition
assessment

— Data driven Diagnosis &
Prognosis

— Applications in Hybrid
Simulation & Control

09.12.2025 5



At the Nexus of Models & Data — Physics - enhanced Machine Learning

WB Bayesian Filtering (BF)
A Physics-guided NNs (PgNNs)
' Dictionary Methods (DMs)
i Physics-Informed NNs (PINNs)
: Constrained GPs (CGPs)

BF PgNNS Physics-encoded NNs (PeNNs)

More Restricted

: White Box (WB)
Chapter 3 Chapter 5 i Black Box (BB)

*, A
PINNs DMs CGPs
Code
- Chapter 6 o

Physics

PeNNs
Chapter 7

Chapter 4

BB
B

Less Data More Data

Less Restricted

ETHzirich



Physics-enhanced Machine Learning

Physics-guided Physics-encoded
more structured
Variational Autoencoder Neural EKF EKF
FC Layer I FC Layer 2 FC Layer 3 ) ) )
HUNN
N1 ReLU ReLU o 9 I/,v /, /,

| | |
\ \ \
® ® ~®

- more flexible

Neural Extended KFs

Physics-guided Deep Markov
Models dh(t) _ f(h(t),t,0)

dt
B — fory(b(t),t) 4

Physics-Informed ).
Neural ODEs

Physics-Informed

w(()kJrl)

wi®

w®

—————————————

—————————————

#(k) ((k+1)

1-step ahead PINN
predictors

(FRS) FUTURE
RESILIENT
SYSTEMS



Application: Interactive Digital Twins - Closing the loop

Physics Augmentation

N
Data Augmentation N
( ~\
< ime () 4
g : |
“temperature Wind field
model
Actual g
wind field |_Wind speed |
= ‘L, WT
; Physics informed
tructu y
\ e J Digital Twin )
1
T AP
R
[ J @
[ N
Cloud computing,

storage & analytics

GV
Courtesy of Dr. Silvia Vettori —

ETHzirich

ETHZ/Siemens DIS & SMM Chair

Chair of Structural Mechanics & Monitoring

Blade-tower
interference

Failure
Yield strength
exceeded
(buckling)

Fatigue'
strength

interference)
exceeded

Damage
not fixed

Courtesy of Dr. Silvia Vettori — ETHZ/Siemens DIS

Reliability Robustne
. SS

Blade-tower

| Unclassified

Unknown
events

Normal

Crock
&
Corrosion|
initiated

Fault

Damage
fixed

Object-Oriented Real-Time Decision-Tree

Blade deflection
exceeds allowable
tower clearance Critical
1 missing,
broken
or loose boit
Bolts
pre-tension
corrected

Wrong
Fo Abnormal

pre-tension

Missing bolts
not reploced

«/IEMENS

Iug,eo\uify for Ufe



Augmented digital twins for structural monitoring & decision support

Augmented digital twins for structural monitoring and decision support Validation &Demonstrators
~ N

Ecosystems Augmentation

Expert Augmentation

Physics Augmentation N ‘A'—‘\V/A\v‘ .
2 TN /‘\ AN

iy

Data Augmentation

—

Response‘

3
@
g

*J/_ )
= )\
temperature Wind field

model

i t 1§ , l

Actual ‘ ‘/\\77 " | ' —
wind field | Wind speed Pl | ”\
..” . y

e e t‘

WT o o
> structure Physics informed Transfer and Assessment Validation on actual-scale
8 J Digital Twin ) Human in the Loop at population level structures and their popuations

_

E’HZUI”ICh Eleni Chatzi, Edwin Reynders, Kristof Maes, Keith Worden, Lawrence Bull and Marc Girolami 12/9/2025




Graphs >QLLéﬁmi"\93tthe'Eeosystem Levell | N ¢

Natural fit as representation of interconnected systems *

Scalable from local to global
From individual assets to entire networks, graphs adapt seamlessly.

Support dynamic data integration
Capture evolving relationships, data flows, and temporal dynamles across systems.

|
Enable transfer learning across assets -
Shared topological and behavioral pétterns aIIow knowledge to transfer between similar
subsystems (e.g., across bridges; or'\mr:i' 1ty £ T T

Foundation for digital twins
Serve as the structural layer of digital twins, supporting hybrid modeling & interpretability.

Fleet-level diagnostics & decision support

Enable population-level insights via network-based learning.
) )

-'-.--



At the Fleet Level

Wind farms are complex systems involving physical processes at multiple scales.

unique layout :
g y aerodynamic

wakes

B

variable turbulent
inflow

tough
environmental
conditions

ETHzurich 1



At he individual asset level

Turbines themselves are systems of individual components, each with its own unique behavior.

Some critical components are difficult to monitor and degrade over extended periods of time.

blades

fatigue, leading edge erosion

How can we design neural
architectures that can deal with
all of these challenges, leading

to better generalization?

tower
corrosion, fatigue

cables and their protection system
scour and current induced erosion

ETHzurich 12



At the Farm Level: Wind turbine wake effects

Wind turbine wakes cause;

reduced power
| e

increased fatigue

Source: Vattenfall. Photographer: Christian Steiness.

ETHzurich 13



ML for wind farms

any wind farm
(layout + turbine
model)

0 any inflow condition

Er"'ZUI“ICh Chair of Structural Mechanics and Monitoring

AN
e

ML

power, local flow,
fatigue loads for
each turbine

14



ML for wind farms

Traditional ML methods can’t deal with unordered
sets of variable size

Graph neural networks are perfectly suited for this!

E'HZUI’ICh Chair of Structural Mechanics and Monitoring 15



SMM Entry point:

Deep Learning Algorithms for attributed graph data
Doctoral Thesis of Charilaos Mylonas (2021)

ETHzirich

“...we reject the false choice between “hand-engineering” and “end-to-end” learn-
ing, and instead advocate for an approach which benefits from their complementary
strengths.”

(Battaglia et al, 2018)

Fdge (@) EWIL] or FIRE

16



Deep Learning Algorithms for attributed graph data

Encode-process-decode architecture

e B . \

u —)-u’
v ) -y

single layer NN . )

- - : ; /

u (:T( [+ ) / Edge block ' Node block - Global block
[ —> Vi : :

L 2
— ul
Vi
> )/
_ > ¢!
- : Y

Edge block Node block - Global block
mzal"iCh Charilaos Mylonas, Doctoral Thesis, ETH Zurich, 2021, LINK ' '

17


https://www.research-collection.ethz.ch/handle/20.500.11850/511551

Deep Learning Algorithms for attributed graph data

Encode-process-decode architecture

-
=

- !
-

-

-

-

-

-

-

IIIIIIIII

awup Edge encoder s s

Encoding

ETHzirich

é Latent vectors size: N N
l]i uu'l’l' |||||||| » Globals encoder s E
“ MLP v

MLP Y
6 y

( L Message-Passing steps )
@ A :
( O % Globals decoder lj
%a;ml’l ||||||||||| P mMLp ™
-~ ~| v )‘/
mi,?’bmmo V '
O T E // '
(S Y 2y
N — 4 =
i Node decoder
m; ; = be (ngl’V;zl’ng) MLP
v, =70 (Vi_,. AGG,eny) (mi)
\. J/

Processing

Charilaos Mylonas, Doctoral Thesis, ETH Zurich, 2021, LINK

Decoding


https://www.research-collection.ethz.ch/handle/20.500.11850/511551

Different kinds of message-passing

”\(.X)J
N

Chd Che

e N

Xd Xe

Che XC

Convolutional

Source: Bronstein, Bruna, Cohen, Veli¢kovic¢ (2021)

ETHzirich

Chair of Structural Mechanics and Monitoring

: (,)

'\:-.,

> Qg € Qlpe

N\

X,
Attentional

Xaq -
g (‘mbb
.
>Mpg <" my,
Xd T Xe

Message-passing
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GNNs: propagation of information through message-passing

® G
®

E""’ZUI“ICh Chair of Structural Mechanics and Monitoring
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GNNs: propagation of information through message-passing

ETHzirich

1. Compute messages for each edge

!
ik m;; = ¢(X;, X;)

RIN AT
® |
. @ often a NN
¢
m;;

Chair of Structural Mechanics and Monitoring 21



GNNs: propagation of information through message-passing

2. Aggregate incoming messages to update
node features

mij permutation invariant
aggregjation (sum, mean, etc.)
V(%i; Ojen (mij))

|

often a NN

E'HZUI’ICh Chair of Structural Mechanics and Monitoring 22
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Variational Bayesian GNNs

Conditioning  proposed by Mylonas, Chatzi, et al.

e
Graph Graph J Graph Graph
i Indep. Full GN Indep. 0 1t Indep. Full GN Indep.
& ~

Conditional Relational VAE
V. ~ g0 (GL|GGr) = N(fid? (Gas G, fq¢ (G Gy))

N (fas” (Ga: G). q{ (G2: G)) £(6.¢:GV.G)) =E c.169.69) [logpe(Ggf)!Gz; Gs))}
N(f‘u(m (Ga’a Gh): f;¢U) (Gaﬂ Gh))-

gz ~ qu (G |G1’7 Gh>

~ G.|G,; Gy, i i i
u. Q¢( | n) —5VDKL(Q((,5V)(Gz’G;(E)QG())HP(W(GZQG()))

Vi ~ g (Go|Gas Gr) = Ngha” (G2: Gy). gpev)(GaGh)) —ﬁgDKL(CJd.»)(G |G, G(z )Ip é (GmG ))
i, ~ py (G Go: Gr) = N(ghe (G; Gy, gPGU)(GmGh)) —ﬁuDKL(Q¢ (GG, )H é (GZ;G,f ))

v 23
mzurlch Charilaos Mylonas, Doctoral Thesis, ETH Zurich, 2021, LINK
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Prediction on the Anholt Wind Farm Data

Imputation of wind speeds given neighboring Turbine Data

Actual data

RVAE data (10 % missing)
MAPE : 8.54 %

F
... -...II

RVAE data (20 % missing)
MAPE : 11.60 %

RVAE data (50 % missing)
MAPE : 13.26 %

Quantity  Variable se

Turbine rotor size Vh

Turbine distance En

Turbine rel. orientation En

Farm mean wind up
orientation

Farm mean wind speed up

Time of day up

Power (turbine) 2

Wind mean (turbine) Ve

Wind std (turbine) Ve

Turb. Nacelle orientation V,

Nacelle temperature Va

Farm mean wind u,
orientation

Farm mean wind speed U,

Node latent V.

Edge latent .

(Global latent u.

2
Y oo,

f o
E‘;.o".O.

Pl Ry

PP
—d -a® _. aeaceline
oUe

4 [ ]
e .~

ETHzirich

17.11.2017
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Prediction on the Anholt Wind Farm

Imputation given neighboring Turbine Data

0 1 2 3 4
6275 x ‘:'La ‘\‘ “\L \ “h 1 "Li “‘ ili
\ . % \ s\ \ o b ‘ s \ s
Z 62701 18! q\'...' 1.5 q\_...' .5 q\_.‘.. 1.5 q\_b.‘ t;?Lq\_.'"
: XY }'ﬂ }‘ E'* %'*
6265 w:\“;:{...l:? i ®» .&‘.;..\I‘Q 1:\:;:.;...0__3 i 1:\.‘;‘{.\:} l:‘.i;:{:.ﬂlil
BB ESEER SRR SR I
6260 ; 3\2 T ;n\;.! ’cl;t. ;n.;.? ’cb\;\.
635 640 635 640 635 640 635 640 635 640
[km] [km] [km] [km] [km]
3500 -
Inferring Engineering relevant Quantities & Transfer 3000
2500 -
* Generalization to an unseen simulated farm oo
(FLORIS)
1500 +
* Learnt spatial distribution of wake related wind 1000 -
speed deficit 500 -

ETHzirich

o_

Interpretable diagnostics

The model is end-to-end differentiable —
compute an absolute gradient sensitivity

Relational VAE FLORIS data
max(we) — we max(w;) —we

£ Y L
SN AR
q:*“fﬁ% ;‘f* Y 3}%’ gﬁ

T T T T T T T T T T T T
—-500 0 500 1000 1500 2000 -500 0 500 10047 {458§7 2000 55
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L G N ot R W
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01

Bing Image Creator|.

Graph representations for

generative models at fleet level
input: Gregory Duthé




Capitalizing on relational inductive biases for Transfer

To build ML models that have more potential to generalize, we need to leverage inductive biases.

—> built in assumptions that guide the learning process.

In particular, geometric and relational inductive biases can be used to build neural architectures
that are flexible and can operate on irregular, non-Euclidean structures.

This forms the basis of Geometric Deep Learning (GDL)
(Duthé, Doctoral Thesis, 2025)

ETHzirich

27



Challenges in wind turbine fatigue modelling

Eng. wake models

TOSCA - ACO CFDLob.

s o L Source: UBICO CFDLab Computing damage equivalent loads
| (DELSs) using coupled aeroelastic
models is computationally costly.

Wake model
By representing wind farms as graphs,
we can use Graph Neural Networks
(GNNs) as efficient surrogate models of
= this process.
1 Aeroelastic model
Aeroelastic model \
\ Damage equivalent loads
Damage equivalent loads {MyBr, MxBr, MyTB, MxTB;, MzTT}

{MyBr, MxBr;,, MyTB, MxTB, MzTT}
ETHzurich 28



GNNs for fast wind farm simulations

E _ @. ...... O > N yl {MyBr, MxBr,, MyTB,, MxTB;, MzTT}

W = {Q, u, Ti}

i ei}j: {di,j: ai,j ) Bi,j}



GNN Architecture

Harnessing the power of graph representations for learning across populations/fleets

Random inflow sampling

FA DEL [N.m] Decoder
4 N\ 27500 4 )
w e WBL ku; Node decoder
Oq ™~ £N(ltg“ s (T”u> 25000 i}z ‘IIIIIIII MLP
u o~ N(pa,07) 22500 : A
S ‘t U~ N(py,03) y /U é
i ,,,,», O ~ U a0 20000 3
?HHH 175[)()
g g 15000 \
| /\ @ hit!
10 20 25 30 0.0 05 -5 0 5 D=4 (A
\_ u [m.s) T (%) ol  [deg) ) 12500 y
~~ ~~
4 N\ \ 4 . N
i) | . = g 8Ly T ]
2 '"/» )’),f)) \))/}} / U U {u "y ,Z;'I}III ||||||||||||||||||||||| ) U
@ PyWake O
) v; = {0} "—,‘“.> Node;}:;oc:er
\/
y e hEO)
Edge encoder |
67‘/7‘7‘ :IIIIIIII> MLP llll"l)ai,j .’ mL,J - ¢@ (hiahé7a‘j,t)
{pi,0i,0rc1i} hi™! = 5o (b, AGGjen() (my ;)
\_ W, \_ J \_ J _ J
Random layout generation Graph generation and

ETHzirich

embedding

Chair of Structural Mechanics & Monitoring, collaboration with OWI Lab (VUB, Belgium)

Encoder

Processor
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Training strategy

We can obtain a generalist GNN by training on

4 32}(')33211; thousands of random layouts simulated with PyWake, a
e low fidelity simulator.
M Parameter Value Description
- w - - E(w) 10 Mean wind speed [m.s™!]
: ke 2.0 Shape factor of the Weibull distribution for wind speed
Ies 0.16 Iref parameter
Uprin 3 Minimum simulated wind speed [m.s™!]
Generalist GNN Uy 25 Maximum simulated wind speed [m.s~1]
Qin —0.099707  Minimum shear exponent (from PyWake)
Qs 0.499414 Maximum shear exponent (from PyWake)
Y in -6 lower limit of skewness distribution [deg]
Yoax 6 upper limit of skewness distribution [deg]
Qmin 0 lower limit of wind direction distribution [deg]
learn fug?;ii?;iphysm Qmax 360 upper limit of wind direction distribution [deg]

31



Training strategy

1 2

> Generalist GNN We can obtain a generalist GNN by training on
L pre-train fine-tune thousands of random layouts simulated with PyWake, a
PyW;lie 30'000 graphs 100 graphs

HAwWC2

low fidelity simulator.

We can then finetune this generalist model to higher
fidelities, different turbines, etc. with small amounts of
new data, using Low Rank Adaptation’ (LoRA).

Generalist GNN Specialized GNN Here we use HAWC2Farm as the higher fidelity model

using 1000 1 hr long simulation of the Lillgrund farm,
— ‘gﬁﬂ by Liew, Riva & Gécmen.

- Specialized model, where training is ‘bootstrapped’

learn fundamental physics adapt to specific farm, turbine
of problem and fidelity

"Hu, Edward J., et al. "Lora: Low-rank adaptation of large language models. arXiv 2021." arXiv
preprint arXiv:2106.09685 (2021).
32



Generalist model results

—+— WT2 PyWake

WT2 GNN
WT19 PyWake
WT19 GNN

—
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Generalist model results

N

>

I
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I -

>
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-
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Wind speed [m.s ']
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OU

DEL flap [kN.m)]

34



Fine-tuned model performance
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Wind speed [m.s71]
=

DEL FA [kN.m]|
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by
<
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Turb. intensity [%]

1000
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5 10 15 20
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o
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§
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[N}
[
=
o

2000 1

750 1

250 %
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Wind speed [m.s™]

Fine-tuned on only ~100 samples of HAWCZ2Farm data
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Uncertainty estimation extension

How to estimate uncertainty without completely changing the model?

- Conformal predictors: use calibration data to determine guaranteed prediction intervals,
without strong assumptions on the model or the underlying data distribution.

Fae = 0.08
Vynione = 1
2 unique
_
/
Z
_ ”
. wind
S\h\%\:\\\
N
Frae = 0.17 N\
frac : \
Funique = 2 Vfoae = 0.0

r unique = O



Influence of inflow turbulence on uncertainty

Inflow turbulence intensity [-]

N
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Summary

Graph Neural Networks, can serve as efficient surrogate models for predicting

wake-induced fatigue.

The proposed models are:
« Fast: 10° speedup over coupled aeroelastic models

* Flexible: any layout, any inflow
» Transferrable: can be fine-tuned for higher fidelity, different turbines

« Conformalized: per turbine & per variable model uncertainty quantification

They could be used for difficult optimization scenarios:

+ Y §
/
/
Load-aware wake steering Dynamic repositioning of
and/or curtailment floating offshore turbines

ETHzirich

Fatigue-considerate layout
optimization for complex terrain
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Graph representations for meshed
systems
input: Gregory Duthé




Blade monitoring

Difficult to monitor the rotating blades of an operating turbine.

= %
-

AeroSense system

..
=% RTDT

Given such a system, which can conform to any blade geometry, can
we reconstruct the aerodynamics from its pressure measurements?

ETH:zurich 40



An inverse physics problem

Can we build a ML model to reconstruct the aerodynamics from the surface pressure measurements?

Al

any airfoil shape

ML—

/ full field velocity and pressure

pressure ‘measured’
on airfoil surface

Inverse problems are challenging: non-
uniqueness and ill-posedness

ETH:zurich 41



Flow reconstruction

We cast the problem as a node reconstruction problem on a graph.

' @Sensednodes  OUknown nodes ~ @Reconstructed nodes \

Computational Fluid Dynamics (CFD) simulations are used to build a dataset of mesh-derived graphs
for training.

Shape drawn from dataset

< OpenFOAM k- SST
_ RANS sim. Finite volume graph
8 <

Sobol BC sampling

ETHzirich
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Graph Transformers

Challenge: dense mesh graphs with on average 50’000 nodes.

Long range information transfer is critical to reconstruct flow everywhere,

especially for detached flows.

- message-passing alone is not enough

Weak topological priors

Transformers

Strong topological priors

Graph Transformers Graph Neural Networks

ETHzirich

Graph Transformers, offer all-to-all information
transfer while still accounting for graph topology.
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Flow reconstruction with Graph Transformers

Feature propagation

”

Reconstructed graph

- 5y
. }\ ]
airfo;]
\.
-
( ( L Message-Passing steps N (" T Transformer steps Back to pysical space
: (" Iq 0 Xi=(p, uy, uy} ]
e
) H - K - == " _, ,/@ /é\ A
&= ry. ty. L I} h, M T g
: ‘ N & _ T Node decoder &
Edge encoder o mg‘i:—R“'L[:(l'l}”"‘&i.f)"" \§=H/ hl hl > ° iﬂ;l{;o : S
- »> MLP @0 »dij B =nMLpg, (0 acaml))). jen
\. /. /L
Encoding Message-Passing Transformer Decoding

ETHzirich
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Architecture design trade-offs for the FRGT-S model

15.9

B x-Velocity RMSE [m/s] Bm y-Velocity RMSE [m/s]

13.7

3.3 3.0
1.3 1.3
’ ’ : 9\\@ 9\\\)0
EN EN EN EN g
S % S N2, N
Layer composition Transformer head setup

ETH:zurich 45



Flow reconstruction with Graph Transformers

« Unseen airfoil shapes, pressure

CFD FRGT-S

Difference

Re=6.6 x 10°
A0A=-7.6°

Re=6.4 x 10°
AoA=-19.3°

4.4 x 106

AoA=8.0°

Re

ETH:urich
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Flow reconstruction with Graph Transformers

« Unseen airfoil shapes, velocity

FRGT-S Difference

Re=2.4 x 105
AoA=-11.7°

Re=5.5 x 10°
AoA=-13.9°

Re=1.3 x 106
AoA=18.3°

ETHzirich
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Flow reconstruction with Graph Transformers

« Training with partial coverage

100%

CFD

Re=7.3 x 10°
A0A=14.2°

Re=4.1 x 10°
A0A=17.2°

ETHzirich
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Formally treating the probabilistic
Dimension | GABI
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GABI | Geometric AE priors for Bayesian Inversion

Learn First Observe Later
Arnaud Vadeboncoeur, Gregory Duthe, Mark Girolami, Eleni Chatzi

Training Phase

* GABI uses graph-based autoencoders to learn a
latent representation of physical responses
conditioned on geometry, without needing governing

G e g equations or boundary conditions.
(a) Pressure GT (b) Pressure Mean

Inference phase

« Given a new geometry and sparse noisy
measurements, GABI uses the trained decoder and

approximate Bayesian inference to reconstruct the

full-field solution.

0.04
0.0 0.5 1.0 0.0 0.5 1.0

(c) Pressure Stddeyv. (d) Pressure Error Benefits
« Learn geometry-aware priors using autoencoders
« Train once, infer on any compatible geometry
(inference decoupled from training)
» |ll-posed inverse problems in variable geometries
ETHzurich 50



GABI | Geometric AE priors for Bayesian Inversion

Learn First Observe Later
Arnaud Vadeboncoeur, Gregory Duthe, Mark Girolami, Eleni Chatzi

Procedure
Train a geometric autoencoder (can use GNN) on many full-field solutions — learn a latent prior
z~N(0,1),u = Dy, (z; M)
At inference, with new geometry M, and observations y,
define likelihood via the decoder and observation model p(y,|z)
compute the posterior in latent space p(z|y,) via Bayes’ rule
Sample from the latent posterior (ABC or MCMC).

Decode posterior latent samples — posterior full-field solutions
u(k) — Dl/)(Z(k)lMO)
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GABI | Geometric AE priors for Bayesian Inversion

Learn First Observe Later
Arnaud Vadeboncoeur, Gregory Duthe, Mark Girolami, Eleni Chatzi

CAR Boby — AcousTic VIBRATION AND SOURCE LOCALIZATION
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GABI | Geometric AE priors for Bayesian Inversion

Learn First Observe Later
Arnaud Vadeboncoeur, Gregory Duthé, Mark Girolami, Eleni Chatzi

TERRAIN — FLOW FIELD

(a) Pressure GT (b) Pressure Mean (c) Pressure Std (d) Pressure Error

(@) [[v]| GT (f) [Jv]| Mean (@) [|lv]| Std (h) [v]| Error
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Graphs as a means to decision
support




Deciding for systems of systems FORE

PROJECT

To understand a complex hierarchy, it is necessary to break this down in

iIndividual components.
Assets
Let us zoom into the level of M K
an object, e.g. bridge:

b l

)

Ground

Flooding Cyber attacks Slope stability J— Landslides
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graphical models for visualization

R BRIDGE
E1 E3 XBrg={FIooding, Acc, Humidity, Temp, Wind speed,
N1 N3 Condition, Traffic, Seismic zone, ...}xnxk
E2 E4 c5 E6 E7
5 = | 8 C7
C1
C2 N2 Ce

o . E10 E9
' R —Root nod !
i R eler Normal
' N- Internal node | E11 N4 Normal
| s %2 0 0 o
C- Leaf Node : Normal Deck
' E- Edges i i i Dislocation

' i Pm(Dislocation [ X)

Graphical representation of a decision tree (DT) Random Forests: an ensemble of decision tree
classifier. DT terminologies are also shown. learners for a single system in a system of
systems (e.g. bridge)
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Random Forests & Decision Trees

TUNNEL

System level: Roadway Network

¢1
— - ’.- —-—
A e !
Aod & ® o & » .- &
po TN Electrical . '
Normal . Failure F\o.c
FIo‘Dd - Flg:)
Peps(Flood|X)
* Majority *
l Vote
l v HIGHWAY P(Flood | X)

X,.={Flooding, Dislocation, Humidity, Temp, Condition, Traffic, Landslide zone, Seismic zone, ...}Jnxk

XTun={Temp, Condition, Traffic, Rainfall, Seismic zone, CO2,...Jnxk

Normal e 4 )
) / ‘No#nal ® N
[ ] [

Flood 1 t
Pgu(Flood|X) Flo.od d

BRIDGE
Xgrgz{Flor_\ding, Acc, Humidity, Temp, Wind speed, Condition, Traffic, Seismic zone, ...}nxk

LI N dm
-.-' — e L= —
P - e . e
p VAN « )
Blockage . - Tt ® ® o ®
o } Pavement ) o N
Normal » crack BIOC’agE ) ® Normal ] . ‘ ‘.
/ R ‘ . ) - Normal
[ ] e
B\o&age Normal Blocfage

Pgy(Blockage | X) Péwi(Blockage|X)

" Ma j:'arity :
Vote

P¢.{Block'age 1 %)
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case study: M-30 Madrid Ring Road

Data-driven Diagnosis & Prognosis for Decision Support
Goal: detection of hot-spots under flood events and cyber attacks

las Rozas

- Aeropuerto Adolfo
Suarez Madrid-Barajas

Majadahonda™ gy HORTALEZA  SEN

[ M-50|
M-EO Fozuelo i M-14 = E-90
T ’ g Coslada
nadilla [ M-40| Casa de Campo 'Madrld
Monte
Monteprincipe LATINA &
=3 B VICALVAROD
-
(M-50 CARABANCHEL
[A-3 |

RS20 15 Google, [IEREGC0gr. Nacional

Target Predicted Output from the RF:
K-hours ahead traffic prediction

ETHzirich

Available Information

1.

N

Hazard Information: weather and
environmental
data, information on cyber attacks

. Model-based traffic simulations (wsp)

Traffic Monitoring information (hourly
averages)

. Road Information (lanes, direction,

coordinates)

Context (holidays, sporting events, accidents,
construction)
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Y-coordinate

-3.76

case study: M-30 Madrid Ring Road

Initiating example: a simplified road network / 1hr-ahead traffic intensity prediction

-3.64

-3.66

-3.68

3.7 ¢

-3.72

-3.74

X-coordinate

ETHzirich

geometry "
25
=
@®9 S
© Of
B
.S 15
@3 g
210
(8]
@5 ©
o
5
> @3
@4 0
0 3
5 6000
®7 T g
T X g 5000
O 3
® 1lane 2 oo
® 2lanes 2
@0 4 lanes £ 2f
Center % ook
1 Il 1 1 1 1 J |:
1000 [
40.36  40.37 40.38  40.39 40.4 40.41 40.42 40.43 :

Hx h [ “ h

Tlme

7

sample inputs

Day of week

Y-coordinate

364
-3.66
-368

37+
372+
374+

'3.76 1 1 1 1 1 1 |
40.36  40.37 4038  40.39 40.4 40.41 40.42 40.43

RAG alert system
0.912
0.5305
0.56743
0.51257 0.4665
0.4665
® 0440 0.56371
0.4825
green
@ 0.4465 amber
® red

X-coordinate
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case study: M-30 Madrid Ring Road

Visualizing a tree within the forest (kept shallow for illustration)

traffic_speed <= 0.03
mse = 758162.92
samples = 61138

value = 1650.79

True w;ise

Number_of lanes <= 3.0 days <=5.5
mse = 755643.27 mse = 355559.1
samples = 29998 samples = 31140
value = 2113.56 value = 1205.0
X_ID<=404 hours <=5.5 hours <=5.5 hours <=5.5
mse = 542189.74 mse = 881339.07 mse =413731.06 mse = 173833.84
samples = 22804 samples = 7194 samples = 14793 samples = 16347
value = 19094 value = 2760.71 value = 1478.64 value = 957.37

mse = 262100.97 mse = 758626.44 mse = 231548.32 mse = 77518547 mse = 157076.21 mse = 488213.27 mse = 44516.04 mse = 165210.35
samples = 12877 samples = 9927 samples = 796 samples = 6398 samples = 8894 samples = 5899 samples = 4108 samples = 12239
value = 1687.38 value = 2197 .4 value = 1604 .55 value = 2904 .55 value = 1191.16 value = 1912.09 value = 616.7 value = 1071.72

T

Predicted outputs conditioned on splitting events for the input variables
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Cyber Attack scenario

Harnessing the power of graph representations for supporting reactive measures

Tunnel Monitoring Systems down PFlanned actions: activate
(CCTV, CCVE, Automatic Incident Tunnel section clousure, Random Forest prediction @10:00, full closure at 8:00,
Detection Systems D.A.1., reroute and recuperation light capacity restr, 30km/hr allowed @9:00
Environmental and air quality) dispatch Protocol T * = o
, . R 40°26'N + 3¢ e .
PROTOCOL ACTIVATED ASSESMENT FIELD DISPATCHEMENTS Y
Communication loss of service Tunnel illumination, signaling,
{bhnﬂ Control Center 5tate':| 05 FhﬂnES, evacuation systems
assumed affected 40°25'30"N -
Main trunck section cousure and Ingress Ramp clousures \. \ % L
Total traffic reroute to alternative on affected section ® op §
wo— oy 4 |
EVACUATION FINISHED ~ REROUTING START EVACUATION START 8 40°25N I 79 . s
talasCasa L] v
-"g F-ﬁ ‘C?.mpu ﬁlﬁ“#" T
T i
40°24'30"N %
Engineer interventions to Full traffic capacity g \"
recuperate control reopenad o ribred: L
e 7 M8
REPAIR INTERVENTIONS PARTIAL OPEN CAPACITY FULL TRAFFIC pr——
. o b ; ;""o,f
Tunnels emply Tunnels recpen with 500 m & £ LB I:; /)
capacity limitations 2000 ft } o= :tE;:Gar?nn. uéc::é:tm pa:::;?m's.:;rm

3°44'W 3°43'W
Longitude

Abdallah, Chatzi, et al. ESREL, 2018
Abdallah, Chatzi, et al. FORESEE, 2020

E'HZUFiCh Chair of Structural Mechanics & Monitoring


https://www.research-collection.ethz.ch/bitstream/handle/20.500.11850/313962/4/Abdallah_ESREL2018.pdf
https://foreseeproject.eu/wp-content/uploads/2021/09/D-4.3-Theorical-framework-on-hybrid-data-assessment.pdf
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Fostering Impact for Cyber-Physical Infrastructure Systems

Monitoring-driven
Assessment & Decision-Support

Structural
response

SHM &
short-term
assessment

Prediction &
long-term
management

Inspection &
maintenance
management

0 Tools

Actions

The assimilation of monitoring
allows for a better management
of novel solutions in both a short-
and long-term scale.

ETHzurich

Initial performance index Deterioration initiation

Deterioration rate

Performance treshold

Performance index

Time

Monitoring observations allow for correction
of suboptimal designs, and optimization of
interventions and operation throughout the
structural life-cycle.

Chair of Structural Mechanics & Monitoring

Intervention / correction

without intervention

Service life
with intervention

Benefits of Monitoring-Informed
Assessment of CPS

* optimising design and fabrication,

* Lowering costs for operation and
maintenance,

* reducing risks, enabling resilience

* facilitating early adoption of new
technologies in building practice.



Data-Driven Digital Twinning for Railway Network Optimal Maintenance
Planning with Multi-Agent Reinforcement Learning Solutions

Inference:

e Capture correlation of interlinked sections
in:

* Deterioration

2 e Model economies of scale

e \ * Repairing effects
S (RN

— Hierarchical Bayesian inference based on GP-
on-graph technique

Solution:
* Cooperation in maintenance/renewal policies of all tracks S
— Multi-agent RL c ©
) <]
* Inform the (RL) agents about the network topology/graph °-° ‘:
- Graph-based deep learning 0 ® g
» ©o 00
o
- o O-¢®©

ETHzirich

Chair of Structural Mechanics and Monitoring 20/02/2025 64



GNNs/Transformers for Population-based SHM

Harnessing the power of graph representations for transfer across populations/fleets

JANY

84 5y
M

Structure population

Paper

[m] g5 [m]
-
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)

Modal responses
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measurements X

Loss function
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Topology Information

b

Mode shapes
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Modal responses
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Mode shapes
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C9

Next Step

Differential Equations Discovery
Dictionary-based methods

(e.g. SINDy)
fFX) =yX) = 0X)-E \

[ | | | s={C},
OX)=|1 X X* X® ... sin(X) cos(X) --- e={C¥,L},
| | | | | | S={+—--0%0,J a,1,b3},
R={C> U+1¥,(1)

1.15y + 0.86

[Brunton et al. ] v - L7, (2
@D/K Brunton etal. 2016 e Y LLLW &a%

2 (D) 2,(4)

. G \-/ \IJ — L (5 /BC\
Genetic NG b
. a . 4 P = = —b,(8) :
Programming Symb ression - g{i%m 80 Grammar-

ethods FescCH “““” based methods

G C%,?ﬁ (e.g. ProGED)

(e.g. Eureqa, wosviscN
YSR) ® .
\ ‘ [Kissas et al. 202

z +0.86 (1.15y)®
Sequence-based methods

[Cranmer 2023]
(e.g. ODEFormer)
mul, 2, x2, m|3,x2,|,]
add, 1, I loss dd, 1, x1
el e
Ig cos| (1+ _5512(1+$1)

Embedder Transformer Output Target

preprint

[Ascoli et al. 2022]
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Next Step C9 )
Differential Equations Discovery AT

20 I

tree
sin(t) + C ﬁ: 5} \
o

T = {+,1,sin("), cos(-), C}

Rules sequence; | P= 2 E+EWD), @ e
E-V@)IFQ3ICH),

—_
W

Relative L2 Error
o

[1,3,5,7,4] F — sin(V) (5)| cos(V) (6),

\ V > 1 ()

I
in

(4)

£

Dataset of ODEs Manifold in Latent Space Search Problem ODEF. 64 ODEF. 128 ODEF. ORG PySR ProGED GVAE
r u Methods
duft
2.5u(t) + 3.1 sill(ﬂ.!}tj% —0 = W 22 /e,
: ) L3 - -
dult d2ult Encoder - Decoder .
2.3% 0.7t dtg ) 1.2+ cos(2.00) = 0 2 P . | Model ODE
. . LAV Pendulum
: En i zp e = £ d ;
. , True 2Fu(t) + Su(t) + 5u(r) 2sin(0.571) =0
ProGED £ (1) + 0.00848 £ (1) - 0.000306 = 0
A ti f ) ) ) d ti PySR best %’,u(:) sin(0.5000) + 3405 + sin(sin(sin(sin(0.624)))) 4 u(r) = 0
ccounting Tor engineering consiaerations. GVAE 2115 u(r) + 1.06 2 u(r) + 5.29u(r) ~ 25in(0.57) = 0
- Richness of excitation Duffing oscillator
- Balancing complexity (parsimony) and accuracy True Saru(t) + fu(t) + Tulr) + 250(1) ~ cos(21) = 0
ProGED £ u(t) - 0.0005211 + 0.00382 = 0
PySR best £ u(t) + 30.25u(r) ~ 28.59 sin(u(1)) = 0
ETHzUrich Karin Yu | SIAM CSE Conference 2025 GVAE 4815 u() + 0.958 L u(r) + 8.23u(1) + 20351 (1) - cos(0.00571%) — cos(21) = 0
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GNN architecture

We use an Encode-Process-Decode structure to allow for more expressivity.

Encoder

Processor

Decoder

W= {.Q, u, TI} iy,

»
%
2
2,
<,

MLP

x= {0}
a,;={d,; a;;, B}

*
%
'," Edge encoder

=

i Node encoder

g

=}

(ITTTILLI LD MLP T ﬁi—j

L Message-Passing steps

IIIIIIIIII)

hf(]+]) )

O _ ),
m; ;= ReLU(hJ. +4; ) +e

h"*Y = MLP,, (h}” + AGG(m§f}) . JEN;

h’_(l+l) > Node decoder TTTHITTTTITS

MLP

Y= A{P; Ujoep Tiige, MyBr;, MxBr,
MyTB, MxTB, MzTT}

4

compute messages

aggregate & update
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