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Applications of Al in the energy sector
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Applications of Al in the energy sector
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Clustering methodology for smart metering data based on local and global
features

Cluster and its prototype
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Authors: Leticia Arco, Gladys Casas, Ann Nowé Authors Info & Claims
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IML '17: Proceedings of the 1st International Conference on Internet of Things and Machine Learning ¢ Article No.: 65, Pages 1 - 13
https://doi.org/10.1145/3109761.3158398
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Cluster and its prototype 02
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Figure 19: Medium consumption prototype with small

consumption peaks in the morning and high consumption
peaks in the afternoon.
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Figure 23: Low and stable consumption prototype.
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Figure 16: Medium consumption prototype with the higher
consumption in the morning.
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Figure 18: Medium consumption prototypes with the
higher consumption at afternoon-night.
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Figure 17: Medium consumption prototype with the higher

An N N OWé consumption in the afternoon.
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Use case | PV monitoring & self-consumption

Maximising PV usage for EV charging
using advanced Al techniques

innov!"''S brussels e

empowering research
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@ Brussels Building v2 | Result using the Business as Usual strategy ~

Greenness Greenness Peak Power

(% available pv energy used) (% toral pv energy used) (% increase due to EV charging)

19 % 4 +189 %

@ Brussels Building v2 | Building loads + Charging loads with Business as Usual strategy (a significant amount of free pv energy is wasted)

200
4.Jun 08:00 16:00 5. Jun 08:00 16:00 6.Jun 08:00 16:00 7. Jun 08:00 16:00 8.Jun
Maximum load Il Charged Energy - Business as Usual (kWh) [l Building Consumption (kWh) Il PV Production (kWh)

Charging of electric vehicles — Business-As-Usual situation

© Brussels Building v2 | Optimisation result using Reinforcement Learning

Greenness Greenness Peak Power

(% available pv energy used) (% total pv energy used)

98 % 19 %

(% increase due to EV charging)

+148 %

@ Brussels Building v2 | Building loads + Charging loads with Optimisation (few free pv energy is wasted)

Maximum Load Ml Charged Energy - Optimised (kWh) Il Building Consumption (kWh) Il PV Production (kWh)

Charging of electric vehicles — using Reinforcement Learning
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ENERGY

Energy and Al

Volume 12, April 2023, 100227

Algorithm 1: SafeFallback

1 Input: initialize RL algorithm, initialize constraint functions in sets X and U, initialize safe fallback policy x**/¢
2 fork=0,1,2,... do

. . _ ' | Woonouim chok = T them
Safe reinforcement learning for multi- G

| get safe action a**/* from safe fallback policy x**/¢

energy management systems with known gt

o 5 5 Execute o**/¢ in the environment
Constralnt functlons 6 Observe next state s’, reward r and done signal d to indicate whether s’ is terminal
7 Give experience tuple (s,a*/¢,r,s’,d) and if a**/* # a : (s,a,r - ¢, s, d) with cost ¢
8 If s is terminal, reset environment state
Glenn Ceusters @ ° ¢ & & Luis Ramirez Camargo ® 45, Riidiger Franke &, Ann Nowé X, end

Maarten Messagie P =i

Algorithm 1: SafeFallback

1 Input: initialize RL algorithm, initialize constraint functions in sets X and U, initialize safe fallback policy z*%/¢
VLAIO Baekeland PhD with ABB wEsingas
3 Observe state s and select action a
4 if constraint check = True then
multi-energy system | keep selected action a as safe action a**/¢
else
| get safe action a*@/¢ from safe fallback policy 7%/
end
Execute ¢**/¢ in the environment
Observe next state s’, reward r and done signal d to indicate whether s’ is terminal
Give experience tuple (s, a**/,r,s',d) and if a**/¢ # a : (s,a,r — c,s',d) with cost ¢
If s’ is terminal, reset environment state

© N o u

end

Highlights

- RL learns policies that outperform MPC

- A (near-to) optimal multi-energy management policy can be learned safely.
- Any reinforcement learning algorithm can be used safely.

ARTIFICIAL - Hard-constraint guarantees without solving a mathematical program.
INTELLIGENCE - Constraints can be formulated independently from the (optimal) control technique
LAB - Better policies can be found starting with an initial safe fallback policy.
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EU FP7 Marie-Curie IAPP project with partners Vrije Universiteit Brussel and Sensing & Control

Systems — an SME in Barcelona, Spain.

SCANERGY
The Scanergy Project

a SCAlable and modular system for
eNERGY trading between prosumers

canergy is an EU FP7 Marie Curie Industry- », Ky y
Academia Partnerships and Pathways
(IAPP) project running for 3 years between

February 2013 and January 2016. The
project is a partnership between Vrije Universiteit
Brussel in Belgium and Sensing & Control Systems -
an SME in Barcelona, Spain.

Scanergy aims to develop a scalable and modular
system for energy trading between producers and
consumers of energy in the smart grid. These end
users can collectively reduce their carbon footprint,
as well as their dependence on fossil-fueled power
plants by trading locally-produced renewable energy.
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P2C

Only used green energy is compensated
Currency exchange market is global
Beneficial for all stakeholders

*Prosumer P
-

. €
8(%tnte)
-
Ve
/
EP/DSO v
- Currency
‘ NRGcoin Exchange
lnfw Protocol Market
*
Substation S\ *Consumer c 4
\ L o

\ MM’“
N
\\\»
g o LI

0.8
-
[ . IO
——
0.6
z - - 3 -
0.4F
0.2

—=—NRG-X-Change}
0 Nobel
----- PowerMatcher

ARTIFICIAL e &

X 10*
== Total demand
=« = Demand during sunlight
------ Total green energy for sale
S[| —— Maximum green energy trade possible
- - ap -
T T T 1 j
P T 1 1 1
! s 1 B ¢ i
g ¥
i k4
L LR S ROEES e 3
S Seea | S
2 ¥ e X
el — — =
/)<<
| e FLANDERS

=]

INTELLIGENCE
LAB

Ann Nowé

03 0.5 06
Ratio of prosumers to households

MAKE

More info : nrgcoin.org



https://ai.vub.ac.be/
http://www.sensingcontrol.com/
http://www.sensingcontrol.com/

COOMEP Obijectives

Designing and implementing the regulatory sandbox for the energy use-case

Enable the testing of different energy exchange mechanisms to assess the anticipated outcomes

and to evaluate their legal and ethical implications.

External
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COOMEP Obijectives

* Develop a simulation-based sandbox that enables the study of:
o Different energy exchange mechanisms or regulatory solutions
o The impact of heterogeneous agents with varying capabilities

o The effect of changes in the system on the overall performance
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COOMEP METHODOLOGY

Sophistication Assets Objectives

Rule-Based Agents Financial gain

PV Panels
Simple RL: Q-Learning et Sustainability
Deep RL: PPO Social welfare
ARTIFICIAL : y : : :
INTELLIGENCE Allows to incorporate diiferent consuption and production profiles
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COOMEP METHODOLOGY

Support a heterogeneous population of agents

Rule-Based RL: Q-Learning

For every hour: O

If: 1OAM<©<6PM

Then: Charge Learn Action:

Deep RL (PPO)
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[ e e e Different types of energy exchange mechanisms
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