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The electric power grid: | PRI,
Probably, the largest |
machine humans ever built

i

BALTIC SER

” noRTH SEX

- Millions of loads
« Thousands of generators

- Verylarge machines

& SER

BLACH

— Human lives can be in danger

« Allinterconnected

— If afault happens in Portugal, it can affect
lives in Sweden

. Extreme economic value

— Ablackout for a day means billions of Euros
In economic loss

Hermosillo
Chihuahua

400km

300mi
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What is the goal?

1. Make sure that everyone always has electricity

(e.g. whenever & wherever you plug your smartphone)

2. Make sure that nothing, never goes wrong
3. You cannot really store any electricity (yet)

How?

1. We need to run millions of scenarios, to make
sure we are prepared for anything going wrong

2. We need to take good decisions fast (real-time)

DTU Wind

17 May 2024
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DTU Wind

What is the goal?

1. Make sure that everyone always has electricity

(e.g. whenever & wherever you plug your smartphone)
2. Make sure that nothing, never goes wrong
3. You cannot really store any electricity (yet)

How?

1. We need to run millions of scenarios, to make
sure we are prepared for anything going wrong

2. We need to take good decisions fast (real-time)

'1966: 1BM 1800 at DTU’s Piawer:-:'_E_ngineering Department
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Towards the Green Transition

i

What is the challenge?

1.  Weneedtorunagridon (ideally)
100% Renewable Energy Sources

2. Weneedto electrify carbon
Intensive sectors, e.g.
transportation, heating in buildings,
etc.

17 May 2024 Spyros Chatzivasileiadis — Al, Quantum Computing, and the Energy Transition. Can we create value beyond the buzzwords?



Towards the Green Transition:
What is the challenge?

HE

Windfarms Central plants Decentral and commercial plants
¢ Offshore, 5-40 MW e 50,0-100,0 e 2,0-200
¢ Offshore, 40-400 MW @ 100,1-500,0 e 20,1-100,0
¢ Onshore, 2- 40 MW @ 500,1-1000,0 @® 100,1-110,0
¢ Onshore, 40-75 MW . 1000,1 - 1500,0 — Cables and power lines, 400 kV

From centralized to decentralized power production, the Danish Energy Agency 2017, ens@ens.dk
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= Towards the Green Transition
What is the challenge? What does this mean?
1.  Weneedtorunagridon (ideally) 1. Millions of new injection points
100% Renewable Energy Sources 2. Orders of magnitude higher complexity
(due to power electronic converters)
2. Weneedto electrify carbon 3. Alotofuncertainty
Intensive sectors, e.g. (e.g. wind, solar, electric vehicles)

transportation, heating in buildings,
etc.
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Towards the Green Transition
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Towards the Green Transition

i

Current Computational Tools are no longer sufficient

We need tools that are 10x-100x-1"000x faster to capture much
higher complexity and thousands of more scenarios

Could Al or Quantum Computing help?

17 May 2024 Spyros Chatzivasileiadis — Al, Quantum Computing, and the Energy Transition. Can we create value beyond the buzzwords?
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17 May 2024

DTU Wind

DTU Wind

Al and Energy:
two of the Sectors with the
highest growth potential

and Quantum Computing is
rapidly emerging

Spyros Chatzivasileiadis — Al, Quantum Computing, and the Energy Transition. Can we create value beyond the buzzwords?
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Al is already creating value in Energy Systems

Load Forecasting

Weather Forecasting

Predictive Maintenance

Energy Trading (forecasting
of prices or quantities)
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Al is already creating value in Energy Systems

Load Forecastin

8 « ANNSTLF: Probably the
first tool based on
Machine Learning in
Power Systems

Weather Forecasting

Predictive Maintenance

« Developed by EPRI
(Electric Power Research
Institute) in the US

Energy Trading (forecasting
of prices or quantities)

- Firstdeployedin1992in
Texas. Deployed to 32
utilities by 1997

Spyros Chatzivasileiadis — Al, Quantum Computing, and the Energy Transition. Can we create value beyond the buzzwords?
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Al is already creating value in Energy Systems

Load Forecasting

Weather Forecasting

Predictive Maintenance

Energy Trading (forecasting
of prices or quantities)

Google Graphcast: Al is already better than physical
models for global weather forecasting
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Al is already creating value in Energy Systems

Load Forecasting fl . Combination of images

with other sensor data to
predict failures

Weather Forecasting

E . |EA: digitalization can
: ' r[; help lower maintenance
costs of electricity grids
% by5% =80 billion EUR

Predictive Maintenance

Energy Trading (forecasting
of prices or quantities)

-
m
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Al is already creating value in Energy Systems

- Load Forecasting
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- Weather Forecasting
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of prices or quantities) - . ) O . 9 ” y._ - . 9 o . \9
o 0000@000000000

1"“"1.
GS
Q] 0000000000000

% = ] =)

« Predictive Maintenance
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But Al can do alot more things

i

Costs of training Generative Al models (e.g. ChatGPT) 2017-2023

Estimated training cost of select Al models, 2017-23

-'l. Vlrtual aSS|Sta ﬂt Source: Epoch, 2023 | Chaet: 2024 Al index repart
. . 200K 19,4040, 000
2. Liveinterpreter/translator s
3. Creative writing = .
4. Support for decision 5 woom
making g
;E 0N
And many more -
930 3,988 160,018 4324883  9AUSA55 1,515,586 5,951,897
[i]
5 o o 5 | @ =1 + m a
¢ | § | § | ¥ [ & | & : | § B £
1| §E | B s | 2 | 3 §
(= = = g ? 2 -
& 2] =
K 5
< g
)
2007 | 208 209 2020 2021 2022 2023
Figura 1LE.21
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But: Would you ever trust Al to run your
electricity network?

17 May 2024 DTU Wind Spyros Chatzivasileiadis — Al, Quantum Computing, and the Energy Transition. Can we create value beyond the buzzwords?
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Machine Learning (ML) Barriers for Power systems

i

Input: _ secure/

insecure

black box

Operating point

1. Whywould we use a “black box” to decide about a
safety-critical application?

2.  Neural Networks performance metricis “Accuracy”.
Accuracy is a purely statistical performance metric.
Who guarantees that the Neural Network can handle well
previously unseen operating points?

3. GoodAl Tools need good data. Why would we depend on
discrete and incomplete data, when we have developed
detailed physical models over the past 100 years?

17 May 2024 Spyros Chatzivasileiadis — Al, Quantum Computing, and the Energy Transition. Can we create value beyond the buzzwords?
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Machine Learning (ML) Barriers for Power systems

Input:
Operating point

Why would we use a “black box” to decide about a
safety-critical application?

Neural Networks performance metricis “Accuracy”.
Accuracy is a purely statistical performance metric.
Who guarantees that the Neural Network can handle well
previously unseen operating points?

Good Al Tools need good data. Why would we depend on
discrete and incomplete data, when we have developed
detailed physical models over the past 100 years?

Spyros Chatzivasileiadis — Al, Quantum Computing, and the Energy Transition. Can we

secure
black box . /
INsecure

create value beyond the buzzwords?

DTU Wind

Neural Network
verification:
guarantees for the NN
performance!

Physics-Informed
Neural Networks:
potential to deliver tools
that are 10x-100x-1000x
faster!
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A lot of recent developments for trustworthy Al

« April 2021: The EU is promoting rules for -
Trustworthy Al TN

. Visit of Ms. Margrethe Vestagerat DTU
— EU Commissioner of Competition, : ;
Executive Vice President of "A Europe Fit ! A ‘ B
for the Digital Age” ' - B
— In April 2021, Ms. Vestager proposed new
rules and actions aiming to turn Europe

into the global hub for trustworthy Artificial - o _'._ n- i ‘
Intelligence w R I
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A lot of recent developments for trustworthy Al

- World-leading optimization tool: Starting with Gurobi 10.0, Gurobi supports Neural Network
verification since 2023

Gurobi Optimizer

Gurobi 10.0 also includes the following advances in the underlying algorithmic framework:
& New network simplex algorithm — Greatly speeds up solving LPs with network structure.

& New heuristic for QUBO models, which can arise in quantum optimization — Improves Gurobi's
ability to quickly find good feasible solutions for quadratic unconstrained Boolean optimization

problems

& Significant performance gains on MIPs that contain machine learning models — Resulis in a
more than 10x improvement on certain models that contain embedded neural networks with
RelU activation functions.

17 May 2024 DTU Wind Spyros Chatzivasileiadis — Al, Quantum Computing, and the Energy Transition. Can we create value beyond the buzzwords?
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European Research Council

Provable Worst-case Guarantees

Venzke, G.Qu, S. Low, S. Chatzivasileiadis, Learning Optimal Power Flow: Worst-case Guarantees for Neural
Networks. Best Student Paper Award at IEEE SmartGridComm 2020. https://arxiv.org/pdf/2006.11029.pdf

R. Nellikkath, S. Chatzivasileiadis, Physics-Informed Neural Networks for Minimising Worst-Case Violations in DC
Optimal Power Flow. In IEEE SmartGridComm 2021, Aachen, Germany, October 2021.

R. Nellikkath, S. Chatzivasileiadis. Physics-Informed Neural Networks for AC Optimal Power Flow. 2021.
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Guiding Application: ..
Optimal Generator Setpoints with Neural Networks ...

T
~

Database of
secure/insecure
operating points

~

1. Splitthe database ina
training setand a test set

17 May 2024

Approaches proposed up to now

5.Use the NN

Input:

Woy
Uz Uy
Y %
N\ 2 %s
XN
QY
% S
S u
3 W35 Us

2. Train a neural network
3. Test the neural network

4.1s accuracy high enough?

reate value beyond the buzzwords?
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NN Output:

Set of lowest-cost
generators that
cover the demand

Extremely fast: up to
100x faster
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Guiding Application: i

.....

Optimal Generator Control with Neural Networks e

Approaches proposed up to now
ST 5. Use the NN
\/ Input:

2 Operating point

i

Database of
secure/insecure
operating pais

tth
Do we trust tha
violate the system

n limits, line limits, VO

_ N\ .
e Neuré\ Network Decision will not
constraints?
tage limits, etc.)

Generator

(es. generatio

setpoints
1. Split the databasein a 2. Train a neural network NN Output:
training set and a test set Set of lowest-cost
3. Test the neural network generators that
cover the demand

- 2
4.1s accuracy high enough Extremely fast: up to

100x faster
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Worst-Case Guarantees for Neural Networks

European Research Council

« Determine the worst-case performance = provable worst-case guarantees
- Across the continuous input domain
- No Sampling

— Once “certified”, we can use directly the Neural Network (no need to re-run the verification)

17 May 2024 DTU Wind Spyros Chatzivasileiadis — Al, Quantum Computing, and the Energy Transition. Can we create value beyond the buzzwords?



DTU Worst violation over the || Our algorithm: provable
oo whole training dataset | | worst-case guarantee over
European Research Council
Empirical Exact worst-case . .
1 Maximum violation of
lower bound guarantee g e
generator limits
Test cases Vg line Vg Vline Mayi olati ;
aximum violation o
(MW)  (Mw) | (MW)  (MW) Viine ooy
line limits
case9
case30
case39
casebrs
casell8
casel6?
case300
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Worst violation over the
whole training dataset

(training+test set)

Our algorithm: provable
worst-case guarantee over
the whole input domain

Empirical Exact worst-case
lower bound guarantee

Test cases Vg Uline Vg Vline

(MW)  (MW) | (MW)  (MW)
case9
case30
case39
casebrs
casell8
casel62

case300 474.5 692.7 | 3658.5 3449.3

A

European Research Council

Vg Maximum violation of
generator limits

Maximum violation of

L; ) .
line  jine limits

Over the whole input domain
violations can be much larger
(here ~7x) compared to what
has been estimated empirically
on the dataset

17 May 2024

DTU Wind
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Worst violation over the
whole training dataset

(training+test set)

New algorithm: provable
worst-case guarantee over
the whole input domain

European Research Council

Vg Maximum violation of
generator limits

Maximum violation of

L; ) .
line  jine limits

Empirical Exact worst-case
lower bound guarantee
Test cases Vg Uline Vg Vline
(MW)  (MW) | (MW)  (MW)
case9
case30
case39
case57 | 4.2 0.0 | 237 0.0

casell8
casel62

case300

We can now provide guarantees
that no NN output will violate
the line limits over the whole
input domain

17 May 2024

DTU Wind
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Trustworthy Al for Power Systems: Vision

i

Al Testing and Experimentation Facility for Energy

 Establish a platform that verifies Al tools and certifies that they comply with power
system safety specifications

Al Standards: Create Standards for Al tools in Energy

Design a Neural Network Training Algorithm that simultaneously delivers
guarantees of the worst-case NN performance

- Example:”Neural Network Training finished. Accuracy 99.2%. Worst-case violation of
critical constraints: 10%.”

17 May 2024 Spyros Chatzivasileiadis — Al, Quantum Computing, and the Energy Transition. Can we create value beyond the buzzwords?
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Physics-Informed Neural
Networks for Power Systems
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Physics-Informed Neural Networks (PINNSs)
\

« Why can Neural Networks be faster than

conventional simulation tools? > 10x-100x-1"000x faster solution,

— Conventional tools need to run iterative methods to depending on the application
approximate the solution of differential equations

— For Neural Networks, it is a matrix multiplication (as long

as they are accurate enough) Seemto be aphieying significant speedups
for partial differential equations

(e.g. computational fluid dynamics)

« Whatis the benefit of PINNs over standard NNs?

— PINNs do not need large amounts of training data. They
learn from the physical models included in training.

- No need to spend (a lot of) time on generatingdataor __“/
depend onincomplete data

17 May 2024 Spyros Chatzivasileiadis — Al, Quantum Computing, and the Energy Transition. Can we create value beyond the buzzwords?
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Conven-
tional
simulation

PINN

60

40

20
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_20 .

_40 .

—60

ROA with time from ODE for a = 0.1
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0.30
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0.00

0.90

0.75

0.60

0.45

0.30

0.15

0.00

Time to stable equilibrium (s)

Time to stable equilibrium (s)

DTU Wind

Simulations for Wind Farms:

Estimating the Region of Attraction of a Wind
Farm Controller

« Collaboration with Drsted

— Estimating the region of attraction of controllersis
an important part of the wind farm design process

« Goal: Determine the best set of controller
parameters (controller tuning)

« Training PINNs with GPUs
— collaboration with NVIDIA

R. Nellikkath, A. Venzke, M. K. Bakhshizadeh, |. Murzakhanov, S. Chatzivasileiadis,
Physics—Informed Neural Networks for Phase Locked Loop Transient Stability
Assessment [ https://arxiv.org/abs/2303.12116 ]

17 May 2024
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Simulations for Wind Farms:

Estimating the Region of Attraction of a Wind
5 million points with PINN Farm Controller

W

ROA with time from PINN for a = 0.1

0.96
0.84 - Evaluation of 5 million points
0.72 § -
0.60 Is « EMT: ~2days @ DTUHPC
048 g . PII\!N.s: 90 minute.s for | 25x - 100x faster
Ko training and 30 minutes
0.36 ‘2 for evaluation
024 £
|_
0.12 « Added benefit: once trained,
0.00 PINN canrunonalaptop

R. Nellikkath, A. Venzke, M. K. Bakhshizadeh, |. Murzakhanov, S. Chatzivasileiadis,
Physics—Informed Neural Networks for Phase Locked Loop Transient Stability
Assessment [ https://arxiv.org/abs/2303.12116 ]
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DTU .
«- Physics-Informed Neural Networks for Power Systems:
o ° °
Vision
« PINNSim: A modular power system time- i L s
domain simulator | & ;f?f e ; )
— Alibrary of component models implemented | S —@
W|th Neu Fa| NetWOrkS Converter-Connecte d l J: Synchronous Generator
— Drag’'n’drop to create your system . Wind Farm ; m% ; : Dynamic Model
— Integrate/interface PINNSim with PR : , E 2 PN
. : . e | o =
conventional power system simulation tools = | =

- Acompletely new way of simulation which can
be 10x-100x faster.
PINN 3
— What does this mean? Instead of assessing
100 scenarios leading to a blackout within 1
hour, | can now assess 10,000 scenarios

Dynamic Load

« Possibility to verify PINNs (?) =
validate/guarantee model performance

Spyros Chatzivasileiadis — Al, Quantum Computing, and the Energy Transition. Can we create value beyond the buzzwords?
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Some Thoughts

i

- If we want to accelerate processes by 10x-100x-

1000x we need to think differently « Physics Informed Neural Networks can offer new
— Conventional methods reach their limits (?) types of simulation tools

— Could Al or Quantum Computing become the - 10x-100x speedup

disruptive technology? — Potentially run on a laptop (after training)

— Still alot of exciting challenges to address
- Alisalready creating value for applications where — Can we verify the PINN models?
there is no other good option, e.g. forecasting

- Al could potentially be disruptive for energy
systems if it becomes trustworthy

— Offer 10x-100x-1000x speedups
- We need standards and Al certification

— Tradeoff between Al size and
interpretability/trustworthiness

17 May 2024 DTU Wind
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MepLKECG TeAevTAlEC OKEWPELG

e [l va UTTOPECOLE va avamtuéoupe T edpappoyeg tov cudntnoage cnuepa o€
Xpeladetal HOVO N yVwon TwV NAEKTPLIKWY dIKTUWYV. Xpelalovtal YVWOELG aTto:

— AplBunTtikn avaAuon, hiyadikoi, dladpoplkeg eELCWOELG, YPAMMULIKA AAYERPQ, AlyO
ATtO NAEKTPOMAYVTIKA TIEDIA, CUOTNHATA AUTOUATOU EAEYXOU, BACELC DEDOHEVWY,
TEXVIKEC BeATIOTOTIOINONG, AAYOPLBHOL TEXVNTHC VONHOOoUVNC, Kat AAAa!

— OAa avta ta pabaivoupe og pla omtoladnmote 2xoAn/Tunua HAeKTpoAoywv
Mnxavikwyv kat Mnx. YrtoAoylotwy otnv EAAGdA!

e H kalwvotopia xpeladetal opapa KL eupL TTEDIO YVWOEWV.
EKpeTaAeUTEITE TIC ELKALPLEG TTOV oac divovTal otn oxoAn! Kat av dev
elval aApKeTEC ONULoOVPYNOTE Kalvouplec!

e Epumiotevteite tig duvapelg oag!

17 May 2024 Spyros Chatzivasileiadis — Al, Quantum Computing, and the Energy Transition. Can we create value beyond the buzzwords?
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Thank you!

Spyros Chatzivasileiadis

Professor

Head of Section Power Systems
www.chatziva.com
spchatz@dtu.dk
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