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Er komt veel op ons af

Door klimaatverandering hebben we steeds meer te maken met
weersextremen

. Deze extremen leiden tot droogte, wateroverlast, overstromingen
en daaraan gerelateerde uitdagingen
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Sterk in domeinkennis, hybride & data-gedreven modellen

Imod 5.5
HydroNET

Nationaal Hydrologisch Instrumen

Resultaat

Tidreehs veor lscatie set 1D » BIRFIST1I00) me peaitie [vy]
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Onze uvitdaging: complexiteit wordt (te) groot

Het watersysteem is tot de grenzen opgerekt: geen reserves meer
=» klimaatverandering komt daar bovenop
=» onze traditionele aanpak werkt niet meer

Behoefte aan real-time informatie en handelingsperspectief:
Open, toegankelijk en uvitlegbaar!

We hebben (heel) veel historische, ruimtelijke data, maar moeten
extremen voorspellen waarvoor nog nauwelijks data is:

=» het onvoorstelbare voorstelbaar maken
=» dichter bij het ‘menselijke gevoel’ halen
=» aanschouwelijk maken

DIGISHAPE WWW.DIGISHAPE.NL
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Verbinden van twee ecosystemen: Water en Al

Hoofddoel:

O Versnelling aanbrengen in de aanpak van een groeiende mondiale
vitdaging!

Opdracht van werkgroep:
1 Hoe laten we de vonk overspringen?
O Wat is er nodig voor een constructieve samenwerking?

[ Samen aan de slag!

Resultaat:

U Een krachtige coalitie die innoveert, uitprobeert en exporteert

DIGISHAPE WWW.DIGISHAPE.NL
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Ontwikkelingen naar 2030

* Innovatieagenda bepaald door grote bedrijven
* Onderscheidende rol voor MKB is specialisatie
* DoorCloud en SaaS makkelijker opschalen

* Onze sector wordt kennis-intensiever

* Noodzaak tot het smeden van kennisketens: per
land, per stroomgebied, per domein,...

DIGISHAPE WWW.DIGISHAPE.NL
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Ontwikkelingen naar 2030

* Innovatieagenda bepaald door grote bedrijven “ NSO
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Tijdlijn

Formuleren Organiseren Start eerste
concrete cases financiering projecten
(juli 24) (najaar 24) (voorjaar 25)

DIGISHAPE WWW.DIGISHAPE.NL



DIGISHAPE

Al voor water en klimaat

e wa

Zeespiegelstijging

Da zeespiegelstijging
paat steeds sneller
en bedraigt ons lage
land en delta’s over
de hele warald

Oroogte

Lange perooen van
droogte zijn gen
toaramend risico vaor
natuur, landhouw en
vedighaid

Waterbeschikbaarheid

Steads lagers afvosren
in de zomer lgiden tol
slachte watarkwalltelt,
minder zoat water voor
fandbouw en risico op
zoutintrusie

Neerslagextremen

Extreme neersiag

zoals in2021in

Limburg feidt tot ﬂ
VErSIromingan en

risico's op

slachtoffers
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Agenda werksessie

Introductie

Inzichten vanuit de wetenschap

Roberto Bentivoglio (TU-Delft): Improving fast spatio-temporal flood modelling with multi-scale
hydraulic graph neural networks

Examples of TU/e Water & Climate related Math &Al Research. From

Hans van Beek (TU Eindhoven):
Topological River Networks to Weather Correlations and Tipping Points

Open Space
Inventarisatie cases + pitches
Selectie top 3 cases
Uitwerking
Per case: next steps

Afsluiting en borrel

DIGISHAPE WWW.DIGISHAPE.NL
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Improving fast spatio-temporal
flood modelling with multi-scale

hydraulic graph neural networks

Roberto Bentivoglio, Elvin Isufi, Sebastiaan Jonkman,
Riccardo Taormina

Delft University of Technology

11



Motivation

« Accurate numerical models for simulating floods are
computationally expensive

- Deep learning methods can be used to accelerate
simulations

- But current deep learning models struggle to generalize to:
AT — different topographies

DRO — different boundary conditions

LALD — Irregular meshes

]
TUDelft

12



M-SWE-GNN

Overview

o]
TUDelft

Multi-scale mesh

Static inputs  Dynamic inputs

Output 1
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SWE-GNN!

Motivation
N; l N;
t+1 _ ..t ij t+1 _ .t
ul- = ui + Z(S”_(Fn)”a_>At — xl- = xl- + Zf(xi,xj,sij)
%
......... - .
3 o X; /,.f'fu
@
.‘\ ........... .
Lo e *
@
Al
DRO
LAB Finite volume mesh Dual graph
TU De I ft [1] Bentivoglio, R., Isufi, E., Jonkman, S.N. and Taormina, R., 2023. Rapid spatio-temporal flood modelling via hydraulics-based graph neural

networks. Hydrology and Earth System Sciences, 27(23), pp.4227-4246.
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Boundary conditions

Ghost cells: “fake” cell
In correspondence of
boundary condition

Add directed edge In
dual graph

Assign value to ghost
cell at each input time
step

L Discharge [m3/s]

Time [h]

16



Dataset
Mesh generation

- Random polygons with fixed number of
vertices

- Coarse mesh created from polygon

* Finer meshes created via progressive
AT refinement from the coarse mesh

Ef\g — (4 total scales in this work)

]
TUDelft




Dataset

300+ : o= Tcain
s’ —a— Test
250+ t \ —e— Dike ring 15

- 60 training, 20 validation, 20 testing
simulations (+10 real case testing)

Discharge [m?/s]
o
=)

»Varying boundary conditions (peak % .
ranges from 150 to 300 m?/s) T

«  Random terrains, random breach
location

AI
DRO
LAB

* 96 hours simulation time, 2h temporal
resolution

]
TUDelft
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Results

Boundary conditions
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Ground-truth h [m]
time 2.0 h

Ground-truth |q| [m?/s]
time 2.0 h

Predicted h [m] Difference h [m]
time 2.0 h time 2.0 h
1.13 0.14
0.85
0.02
0.56
-0.08
0.28 ~0.19
-0.00 -0.31
Predicted |q| [m?/s] Difference |q| [m?/s]
time 2.0 h time 2.0 h
0.02
10!
0.80
110-2 § -0.01
b [ -0.03
10-3 -0.05
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Results
Comparison with SWE-GNN
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Fine tuning to dike ring 15
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G X

Legend

[ Dike ring 15
X Testing breach locations
X Training breach locations
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DRO o
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Conclusions

«  We propose a new multi-scale graph neural network model
that improves speed and accuracy of its non-multi-scale
counterpart

- The model can accommodate multiple time-varying
boundary conditions

* Future works should aim to apply the model for
probabilistic analyses on real case studies

24



An ICAI Lab for the water sector

ICAIl: Innovation Center for Artificial Intelligence

Academia/private/public partnerships to advance Al in épeciﬁc sectors

sertuwerrge—— T

Minimum 5 PhDs working on related topics, lots of .traini'ng/dissemihétion events for
partners, joint supervisions, ...

TU Delft is leading a proposal with partners in
academia, public and private sector.

Contact: Dr Riccardo Taormina, r.taormina@tudelft.nl
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Examples of TU/e Water & Climate related Al & Math Research

From Topological River Networks to Weather Correlations and Tipping Points

2024-07-02 TU/e Hans van Beek EAIS' :n'nm TU/e



Five examples of how Al and Math can help to

Predict:

1. River Networks:

2. Multivariate Correlations Analysis:

3. Tipping Points:
Control:
4. Water Distribution Networks:

5. Bayesian Automated Inference:

27

compute channels in the river automatically
predict based on what happens elsewhere

model and understand tipping dynamics affected by uncertainty

control water levels

process control in dynamic environments (water & weather?)

ZUtel TU/e TU/e




Flood control and ecosystem health: how do rivers behave?

bar
L FoReammme oo SR S S e v SR oy
Bettina Speckmann channel

[data: Murray Hicks, NIWA ChristchUl?e



Topological Data Analysis for River Network Analysis

Compute river network automatically from a Digital Elevation Model of the riverbed,
independent of the water height, flow velocity, or other data
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First: Describe Network as a Graph; Next: Predict

River demo

&) Compute network @ Map S Water & Contours D Shading 2 Input DCEL &€ MScomplex 3 Striation 2 Network *i Zoom in 7] Zoomout  ¥3 Fit to view

Algorithm settings © Unit settings © Progress viewer ]
Striation-based algorithm - Horizontal resolution: Computing input graph 0.06s
x-direction: ' 50,0 m / pixel’ Computing input DCEL 04 s
Striation: Highest persistence first ~ Computing MS complex 053s
y-direction: 50,0 m / pixel? Computing striation 0555
Network &: 1.04308 x 10" m? Elevation range: Sorting striation paths on height 0.07s
. P | p Initializing sand cache 0.00s
Sand function: Water flow model « | [_] Bidirectional Minimum: | -60,0 mZ T a? ‘
Computing representative network 0.08s
# Simplify network Maximum: 10,0 m ° Converting network inta graph

ion deta Network details o

<  Network pathS >

TU/e



How to use all that
streaming data
to predict what we
want to know?

Hundreds/thousands of sensor
arrays scattered across Europe
Each sensor collects many
readings per minute

Odysseas Papapetrou

Recent publications here: https://www.win.tue.nl/~opapapetrou/publications.html



https://www.win.tue.nl/~opapapetrou/publications.html
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Multivariate Correlations Analysis

What are multivariate correlations?

Correlation Analysis is a common tool
for Complex Data Analysis

Most research has been focused on
discovery of pairwise relations

Recent work shows importance | _.
of multivariate correlations @ Tahiti — 4 «—— Darwin

Example: ternary relationship
between Sea-Level pressures;

Website and demo here: https://correlationdetective.com I %



https://correlationdetective.com/
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Multivariate Correlations Analysis

The Correlation Detective algorithm

5 Explosion of computation time

Problem: exhaustive computation of all
o possible correlations is expensive due to 4
number of possible combinations
3
)
]
Solution: Correlation Detective, E
which reduces time by two orders 2

of magnitude

measures, 2 query types and 2 optional 0
constraints

Supports: 4 different correlation

s Baseline
mEm CD

Visit: https://correlationdetective.com

3 4
#Variables in correlation

TU/e
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How to identify the Tipping Points for Climate & Water?

Range: Min Max @ Central estimate SimUIated impaCt Of Atlantic ”A key Chal/enge for Water IS the
0.0C 20 4.0 6.0 8.0 10.0 current COIIapse on dlfflCUlty in /ong-term p/anning for
Graenland ice sheet collapse L British water bala nce adaptatlon’ due to Iarge
\ ici o e e . . .
et Antare ce heercolipee uncertainties in regional climate
Tropical coral reef die-off o . P
Morthern permafrost abrupt thaw L ngh Changes [1, p. 18.9]
Barents Sea ice loss ® unce rta i nty ANIOC
Labrador Sea current collapse ® . aals I | codlapse .
o 1l in critica Need for Uncertainty
Mountain glaciers loss
West African monsoon shift ® Ievel Of Quantification Of Tipping
East Antarctic glacier collapse L global e . O O
Amazon rainforest dieback L Warmin - g Dynamlcs (See next SIldE)
Morthern permafrostcollapsa — g ’ ,.A
@Llapse ® > .
13 200 0 .. 430 . . . .
Morthern forests dieback - south ] , Illustratlon Of Tlpplng Dynamlcs
Marthern forests expansion - north ® -130 - ° w3 +150 15 ‘
Waer geticit Watar excess
Arctic winter sea ice collapse L
. Fig. 4| British water balance in 2080 during the growing season, with 11
East Antarctic ice sheat collapse . Irrigation 'a:/sai!::l:, undevn:he“:hmale scennfrlos I’Zro :hr:cghst::o AM'(‘)C is
11C Current level of warming _] LLSQ.OE Paris agreament targets either N'"'am‘im I“{’“M’St:(l ab, Water deficits (<280mm) -J;ng;hf ?E, 05 g
growing season (April to September) where krrigation occurs (red), an =
Guardian graphic. Source: Armstrong McKay et al, Science, 2022. Mote: Current global heating temperature rise 1.1C ;-,,-.;.;r: .-;v'n axCcess '.‘\'Jte( ( >£E!:|mf'-1 y (blue) du(]ng( 2 growing season ; b -~
Paris agreement targets 1.5-2.0C when AMOC ts maintained (a) or collapsed (b) o) 0 b
2,
o -

Possible impacts of Tipping Points on Water Security (see[1)):
- Changes in regional rainfall & reduced river flows

- Salination of groundwater in coastal regions A% ar 08 9 BE 4 A8 2
- Reduced water quality through release of contaminants Environmental condiions

Kerstin Lux-Gottschalk

[1] Lenton, et al. (2023): “The global tipping points report”, University of Exeter, https://global-tipping-points.org/ I U/e
[2] Ritchie, et al. (2020): “Shifts in national land use and food production in Great Britain after a climate tipping point”, Nature Food 1, 76—83, https://www.nature.com/articles/s43016-019-0011-3



https://global-tipping-points.org/
https://www.nature.com/articles/s43016-019-0011-3

Tipping Dynamics under Uncertainty

Uncertainty
Quantification Model Forward UQ )
(UQ) para- - ey OUPUL i
meter -« — ! € (o] °
r Inverse UQ

Random How can model parameters be inferred from measurement data? How can
Differential uncertainty be propagated through nonlinear dynamics?
Equations How are tipping dynamics affected by uncertainty?

Bayesian parameter 14
075 inference and forward UQ 12
for bifurcation curves ;-

Result: drastically narrowed ..

- down range of tipping . . . . .
0 0.5 1 15 2 25 SSoﬁrce: [1] o] 0.5 1 1.5 2 S&ﬁrce: [1]

Mandimensianal freshwater flux u Mandimansional freshwater flux g

0.7

Bifurcation

Sal nity differerce
Sal nity differerce

Theory

0.5 0.5

[1] Lux, Ashwin, Wood, Kuehn (2022): “Assessing the impact of parametric uncertainty on tipping points of the Atlantic meridional overturning circulation”, Environ. Res. Lett. 17 I U e
075002 90:301-328, https://iopscience.iop.org/article/10.1088/1748-9326/ac7602/meta



How to control Water Distribution Networks?
(without having physical models of these networks)

To use data-driven predictive control methods in water distribution networks,
we need:

A

Tmax A

1. Network topology
2. Physical network limits (like tank limits)
3. Measured network data (pressure, flows, pump settings, demand flows)

Simple water network with one loop, containing: o I : i
9/

h(k) = 3 tanks hy, hs, hg Xi|k = lgflﬁ‘} e

q(k) = 4 uncontrollable flows g5z, G35, G43, Gea o @

u(k) = 2 controllable flows g45, ¢ N

d(k) = 2 demand outflows d4, d, @ s ' b

Mircea Lazar



Al and data-driven predictive control

Data-driven control eliminates the need to construct a prediction model and instead estimates
multi-step prediction matrices directly from input-output data

Cost function

Al is needed to build data-driven predictors when there are & constraints

nonlinear elements — the pumps

System data

System |

i
-
I

P.C.N. Verheijen, M. Lazar (Control Sys.) (m.lazar@tue.nl)
D. Goswami (Electronic Sys.), EE, Aquaconnect NWO

1
System I Mathematical Predictive
Identification| Model - Controller
I
A
Data_driven Predictor @
control

TU/e



Water Distribution Networks

With virtually no exact physical model we can:

- Accurately control the water level in the tanks

- Save money by operating the pumps

when electricity is cheap

§ NMPC problem

Future N Demand - > >

= F(Us
Qi = F(Uy) ANN
i
X Ui
SPC predictor Fh::::t?o?t&
Constraints

Past T},; inputs

outputs ; I

Verheijen et al.,

height in tank [m)

o
o

30 Lol A LAY A 4
> O3 & a0L0 0 \ ™ SV A S
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M2 ha 25 i

7 day simulation

1 1 i i 1 | | | i | ! i i !
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i
o9 \tﬂ&o BN \' > > \‘\:ﬁ\\\ o d ‘QQ‘ & \\ %&\,' \Q.\\‘ ‘\\\\'}‘\@/\(\

Time [h]

“Nonlinear Data-driven Predictive Control design for Water Distribution Networks,” submitted to IEEE CDC 2024.

Result:
Much

better

TU/e
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BIASlab — Bayesian Inference —

,_-tf ' l ‘
~ How to steer control in dynamic envirﬁm?nts? =
| : LEn

Bert de Vries



Generative Al
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Bayesian Inference Toolbox: RxInfer

Automated inference in dynamic environments

I static [ scheduled [ unscheduled LAZY
- executed path agent A DYNAMICS

Drane's mass L ] 5.0
Drane's sze ] 01

Engina power ) 31.2mss!
Gravity L] g.8mis?
Sensor noise e 1.10e08
Tasks frequancy 2 70

WAREHOUSE NAVIGATION DRONE CONTROL

Just the tip of the iceberg...

TU/e



A Software To
olbox
for Scalable, Real-time, Automatic Bayesian Inf
ian Inference

i.l‘xinfer

Get Started

Documentation

Examples

http://rxinfer.ml

N P

O -

IJ=.I”xinf'er

g

Dapers Team Contact

e © @ Cuansiiw Rl §

RxInferjl

Coln toss medel |m-g.mos‘)
Bayesian Lineaf Regression

Active inference Mountain cf
cmnce-Consmined Active Inference
. Assessing Peoph's Skl

Gaussian Linear Dynamical System

g’

[}

| Autoregressive Madel

Ensemble Leaming of & Hidden
Markov Model

o

Mierarchical Gaussian Filter

Bayesian ARMA model

nfinite Data Stream

System dentihcation Problem

Univariate Gaussian Mixture Model

Multivariste Gaussian Mixture Moded

Gamema Mixture Madel

Universal Mixtures

‘3—' Global Parameter Optinisation

Jevertible nevral networks: 2 tutorial

—

Cnduute{anpuuﬁond Varistional
. reenaa Dacsing m

) GitHub

®

¢ o @ bastled github, joiRwinf:

+

or jUut o | nferarmpinsfOVer view/!

Home Get Started Documantation Exampies papers Yo

Al examples have been pm~gcnmted automatically from the examples/ faold

« Coin toss moded '\Bcu—ﬂz'nou‘.\-l‘.M exampbe of Bayesian inference in Bels
observations.

o Bayesian Linear Regression: An example of Bayesian finear regression.

o Active inference Mountain cor This notebooks covers fxinfer usage In th
simple mountain car problem.

« Chance-Constrained Active Inferences This notebook applies reactive e
the context of chance-constraints.

o Assessing People’s Skilis! The demo is nspred by the example from Chag
Machine Learning book, We are going to perform an exact inference to 3
results of the test.

o Gaussian Lingas Dynamical Systerm: An example of inference pmcedure1
with multivariate noisY observations Usng Belief Propagation (Sum Proc
Bayesan Filtering and Smoathing.

o Ensembie Learnani of a Hidden Markov Modet An example of structure
Hidden Markav Model with unknown transition and observational mat

o Autoregressive Model: An example of variational Bayesian Inference ol
Reference: Albert Podusenko, Message Passing-Based \nference for T0

« Higrarchical Gaussan Filter: An example of online {nference procedurt
univanate noisy observations using Variational Message Passing algor
Message P.\>:n|||:-bJs~:d Inference in the Hierarchical Gaussian Filter,

o Bayosian ARMA model: This notebook <hows how Bayesian ARMA (A
pe implemeted in Rudnterji

o Infnite Data Stream: This examplie shows Rudnfer capabilities of nune

« System identification Problem: This example attempts to jdentify an

« Univariate Gaussian Mixture Model: This exampie implements varial
Gaussian mixture muodel with mean-field assumption.

« Multivariate Gaussian Mixture Modeh: This example |mplements var
Gaussian mixture model with mean-heid assumption.

o Gamma Mixture Modet: This example implements one of the Game
hup:tlhiashhsm‘ubjofpubliutionfmp-baszd~inlﬁen¢'in-gmml

o Universal Mixtures: Universal mixture modeling.

o Global Parameter Optimisation: This example shows how to use R
optimisation packages such a8 Optimji.

o |nvartivle noura networks: a tutoriak An example of varational B
networks. Rederence: Bartvan Erp, Hybrid Interence with |rvertit

« Conjugate Computational Variational Message passing (EVIk Thi

e adtaRE-DASSING based inference by exphoitin


http://rxinfer.ml/

Thanks to some of our Researchers

River Networks: Bettina Speckmann (Math & Computer Science — Applied Geometric Algorithms)

Multivariate Correlations Analysis: Odysseas Papapetrou (Math & Computer Science — Database Group)

Tipping points: Kerstin Lux-Gottschalk (Math & Computer Science — Computational Science)
Water Distribution Networks: Mircea Lazar (Electrical Engineering — Control Systems)
Bayesian Automated Inference: Bert de Vries (Electrical Engineering — Signal Processing Systems)
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Thank you for your attention.
Hans van Beek (h.v.beek@tue.nl)

2024-06-07 EAIS :"N:Y:ﬂ‘-‘ov:: T U/e



dr

Agenda werksessie

Introductie

Inzichten vanuit de wetenschap

Roberto Bentivoglio (TU-Delft): Improving fast spatio-temporal flood modelling with multi-scale
hydraulic graph neural networks

Examples of TU/e Water & Climate related Math &Al Research. From

Hans van Beek (TU Eindhoven):
Topological River Networks to Weather Correlations and Tipping Points

Open Space
Inventarisatie cases + pitches
Selectie top 3 cases
Uitwerking
Per case: next steps

Afsluiting en borrel

DIGISHAPE WWW.DIGISHAPE.NL



dr

Uitwerken cases (hulpvragen)

DIGISHAPE WWW.DIGISHAPE.NL



.
\J

: . .. o
DiciSHAPE NLEAl:Coalitie
DATASCIENCE
FOR
DELTAS

Bed a n kt Chris Karman  Arnold Lobbrecht

@ Chris@digishape.nl| 06-20538388

Carien Leushuis Hans Korving

Op de hoogte blijven?

* Schrijf je in voor de nieuwsbrief op www.DigiShape.n|
* Volg DigiShape op LinkedIn

WWW.DIGISHAPE.NL

DIGISHAPE


http://www.digishape.nl/

	Slide 1: Proeftuin AI in het waterbeheer
	Slide 2
	Slide 3: Sterk in domeinkennis, hybride & data-gedreven modellen
	Slide 4: Onze uitdaging: complexiteit wordt (te) groot
	Slide 5: Verbinden van twee ecosystemen: Water en AI
	Slide 6: Ontwikkelingen naar 2030
	Slide 7: Ontwikkelingen naar 2030
	Slide 8: Tijdlijn
	Slide 9
	Slide 10: Agenda werksessie
	Slide 11: Improving fast spatio-temporal flood modelling with multi-scale hydraulic graph neural networks
	Slide 12: Motivation
	Slide 13
	Slide 14: SWE-GNN[1] Motivation
	Slide 15: Multi-scale SWE-GNN
	Slide 16: Boundary conditions
	Slide 17: Dataset Mesh generation
	Slide 18: Dataset
	Slide 19: Results
	Slide 20: Results Comparison with SWE-GNN
	Slide 21: Fine tuning to dike ring 15
	Slide 22: Results
	Slide 24: Conclusions
	Slide 25: An ICAI Lab for the water sector
	Slide 26: Examples of TU/e Water & Climate related AI & Math Research From Topological River Networks to Weather Correlations and Tipping Points   
	Slide 27: Five examples of how AI and Math can help to
	Slide 28: Flood control and ecosystem health: how do rivers behave? 
	Slide 29: Topological Data Analysis for River Network Analysis
	Slide 30
	Slide 31: First: Describe Network as a Graph; Next: Predict
	Slide 32: How to use all that streaming data to predict what we  want to know?
	Slide 33
	Slide 34
	Slide 35: How to identify the Tipping Points for Climate & Water?
	Slide 36: Tipping Dynamics under Uncertainty
	Slide 37
	Slide 38: AI and data-driven predictive control
	Slide 39
	Slide 40: BIASlab – Bayesian Inference  How to steer control in dynamic environments?  
	Slide 41
	Slide 42: Bayesian Inference Toolbox: RxInfer
	Slide 43
	Slide 44: Thanks to some of our Researchers
	Slide 45:      
	Slide 46: Agenda werksessie
	Slide 47: Uitwerken cases (hulpvragen)
	Slide 48: Bedankt

