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The Smart Grids lab - From macro to micro power grids, and back > |_|EGE
Prof. Damien Ernst - From electricity, to sector coupling, using Al 4» universite
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... to future power systems.
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Outline

Microgrids, energy communities & distribution networks

Global grid and renewable resource complementarity

Sector coupling

Other applications & research in Al



From a « micro » point of view
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Multiple possible configurations

FULLY OFF-GRID MICROGRID
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For each storage systems included in the microgrid :

Decision making process
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Challenge : Real-time balancing of several storage systems under uncertainties. )
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Fully con-

Convolutions nected layers
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Reinforcement
Learning
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The MeryGrid project
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Source: https://les-smartgrids.fr/merygrid-premier-micro-grid-belgique/
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The MeryGrid project

The microgrid is located in Méry, on the

banks of the river Ourthe in the Liége T
area, and links three partner companies:
o 08 ¢|ooo
 MeryBois, a timber merchant equipped 5
with a 60 kWp photovoltaic installation, N B ﬂﬂ“ﬂ

e MeryTherm, a company active in the
thermal treatment of metals and I

equipped with a 200 kVA hydroelectric
power station, m

e (CBV, active in industrial fans and
consuming electricity, like the other
two companies.

The site produces 1,200 MWh per year and consumes 800 MWh per year. It now features a
lithium battery (capacity of 300 kWh and power of 600 kVA) and is connected to the
distribution network managed by RESA via a single access point.
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The MeryGrid project
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Next steps: going further with the Al
integration

Renewable Energy
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Simulating

Impact of
regulatory
framework

Deployment
of DER

the utility « spiral »
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Discovering topologies

Automatic phase identification of
smart meter measurement data
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From a « macro » point of view




« Dunkelflaute »

At the beginning of this research, the problem of the

« Dunkelflaute », a german term for characterizing an event
where there is no renewable production for a few days.
How to model it? How to avoid it?

-> Notion of « critical time windows ».
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Source : WimAndersson through Wikipedia Data: https://www.energy-charts.de



https://commons.wikimedia.org/w/index.php?title=User:WimAndersson&action=edit&redlink=1
https://www.energy-charts.de/

"' LIEGE
universite

From time windows to critical time windows
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A new way to deploy generation capacities

Does complementarity lead
to different results than just
optimizing the capacity
factor?

The case of wind energy Iin
France.
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On a larger scale

« Selected wind generation sites ~
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Assessing the potential of power-to-gas-to-
power technologies

{ CHP

Solar

Offshore Wind

Onshore Wind

Electricity exogenous
demand
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The Belgian Case

Post-combustion and direct air carbon capture deployments for each of the five

Generation / Conversion Capacity [GW]

mmm Solar PV B Wind offshore mwn CCGT mmmn Fuel Cells Methanators Batteries scenarios. Figures representing capture rates are expressed in kt/h.
B Wind onshore Nuclear B OCGT Electrolysers SMR 0 Hydrogen s1 59 s3 s4 g5
90 —400 Technology
OCGT N/A N/A 0.0 0.0 0.0
CCGT N/A N/A 3.07 2.55 1.84
CHP N/A N/A 0.31 0.13 0.13
Biomass N/A N/A 0.0 0.0 0.0
Waste N/A N/A 0.08 0.08 0.08
70 SMR N/A N/A 0.71 0.03 0.69
- 300 Direct Air CC N/A N/A N/A 1.90 1.60
E‘
' % System-wide and electricity (E), natural gas (NG), hydrogen (H,) and carbon
I . l '; dioxide (CO,) sub-system costs associated with the five considered scenarios.
50 3 Carbon dioxide costs are reported without energy-related expenses.
I I I I —200 8 Unit S1 S2 S3 S4 S5
©
(@)
) System b€/year 67.1 50.8 41.2 14.7 9.6
g E €/MWh 67.1 52.4 40.8 46.0 45.6
S NG €/MWh 11.6 11.7 11.8 12.0 12.0
30 H & H, €/MWh 164.3 146.8 25.0 163.0 24.9
CO,, €/t N/A N/A 35.1 49.2 46.6
— 100
Import and energy not served (ENS) volumes of electricity (E), natural gas (NG)
10 - and hydrogen (H,) across the five considered scenarios (TWh).

I _- I | i' s1 S2 S3 S4 S5

o E Imports 57.2 57.2 57.2 57.2 57.2
Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5 ENS 0.0 0.0 0.0 0.0 0.0
Curtailment 1.7 3.4 18.6 8.3 94.7
NG Imports 365.8 365.8 855.4 1124.6 1124.5
ENS 545.6 390.8 347.1 0.0 0.0
H, Imports 128.7 120.8 0.5 127.9 0.1

ENS 2.0 1.9 0.0 0.1 0.0
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« Deeper » deep RL and other applications

Fully con-

V(S,a) € 8 < ./4, COHVOlU.tiOIlS nected layers Outputs
Q*(s,a) = Z T(s,a,s")[R(s,a,s") +vyJ*(s")]
s’eS Input #1 — %
/ N
Input #2 ;X
I t #3 —
nput # S
Reward Action
A Top-down Bottom-up B Neuromodulation Neuromodulation
neuromodulation neuromodulation state #1 state #2
Context —» @ ~+— Reward =-----
Environment Environment

0 ©

Valorising flexibility; bidding on day-ahead and intra-day markets using
storage capacities; investigating the potential of distributed ledgers, ...
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