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State of the ¢
latest tendencies of resear: h.
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1. Context

~

Evolution of the State of the Art in RES forecasting

OUTLINE The Smart4RES project

Highlight results

oo W

Challenges/Future research directions
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Evolution of power systems in the context of energy transition }{jf PSL* PcRScE

Challenges:

O Integration of distributed sources: renewables,

Business Objectives
Polit. / Regulat.. Framework

storage, demand response, P2X, X2P and other options.

. . . Busi
O Information sources multiply and increase the level of "
complexity in decisions Function Layer £
O Evolution towards highly complex & interacting energy
Information Layer &
systems (system of systems)
O Need of an efficient « intelligent layer » for the secure =emmunication Layer
ans economic management of power systems.
Component Layer

O Moreover, this has to be resilient to extreme situations

(i.e. due to climate change) and crisis

School/Workshop: Energy, mathematics, and theoretical challenges, 30 Sep-4 Oct 2024 Paris (France)
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Evolution of power systems in the context of energy transition 77

Example of functionalities of the intelligence layer:

O
O
O
O
O
O
O
O
O
O

Business Objectives
Polit. / Regulat.. Framework

Forecasting of demand, generation, DLR....
Scheduling/Unit commitment Business Layer
Optimal allocation of reserves Function Layer £
Congestion management
Management of hybrid systems (RES + RES, H2...) —
Trading of RES/virtual power plants to markets Sommunication Layer
Control of assets

Component Layer

Predictive maintenance

End of life estimation

School/Workshop: Energy, mathematics, and theoretical challenges, 30 Sep-4 Oct 2024 Paris (France)



Evolution of power systems in the context of energy transition ;{jf PSL* PcRScE

Focus on functionalities needed to optimise decisions at
operational time scales of a few minutes to days ahead:

Business Objectives
Polit. / Regulat.. Framework

O Forecasting of demand, generation, DLR.... -
O Scheduling/Unit commitment g o -
O Optimal allocation of reserves Function Layer 0 ~4
. Outlinochase :
O Congestion management = s
Information Layer &
O Management of hybrid systems (RES + RES, H2...)
O Trading of RES/virtual power plants to markets Sommunication Layer mm
O Control of assets : g e
Component Layer Pl
O Predictive maintenance
Generation
O End of life estimation
O R e

School/Workshop: Energy, mathematics, and theoretical challenges, 30 Sep-4 Oct 2024 Paris (France)
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Integration of renewables in electricity grids and energy markets
O The weather dependency of wind & solar production brings challenges to operators (variability/uncertainties)

Examples of variability of RES production

4 ) \
Power/Pnominal [p.u.] ( Power along the day Hourly scale variation Rapid change of production
1

o
<

40

= - /
0.9 1 h . /
0.8 -
0.7 z 84 |/ 3z 8 3z 8
0.6 1 s \ s s
2 £ £
05 1 s 8/ \ S 8 5 8
04 - E | ‘\ 4 g
0.3 1 g 2—/"‘ \‘, g e % e 4
0.2 A ‘\ ™ \ = o
i ——  Power \
- b d | | ﬁ o ~—— Irrad extra \._ o = |
0 llllll e SR B Sy s b e e s e T T T T T T T T T T T T T T T T
TO T O T O T OO -TOTO —TOTO T OO OO OO OO O O O
N s O N P O N e N O N D I O N D B N A B O N D O N e S S o ae S 08:00 12:00 16:00 20:00 14:00 15:00 16:00 55:00 05:00
b=
3 Time [x 1 hour] ) \_ Hour of the Day (Date: 06-10-2010) Hour of the Day (Date: 06-10-2010) minutes around 15:00 pm y,
Hourly power production of a wind farm Power production of a photovoltaic plant

School/Workshop: Energy, mathematics, and theoretical challenges, 30 Sep-4 Oct 2024 Paris (France)




The role of short-term RES forecasting ;{fjﬁ PSLx PeRSce

= Short-term (minutes-days ahead) forecasts of renewable generation (wind, solar) (RES)
are necessary for a secure and economic operation of power systems.

= First solutions proposed in the literature in 1985,

= Forecasting solutions are used operationally by stakeholders since early ‘qos.

Example of 2-days ahead wind power forecasts AExample of day ahead PV power forecasts

90%
80%
70%
60%
50%
Measures
40%
30%
20%
10%

80

60

)]

o

X

~
Prediction intervals

B 30%
> | I 20 %
. 109

—— Forecasts
—&— Measures

OOEREREREQOD

40

Power (% Pmax)

20

0

0 to +1h  +6h +12h +18h  +24h +30h +36h ... +48h 0 20 40 60 80
Forecast horizon [x1h] Forecast horizon [x15min]

School/Workshop: Energy, mathematics, and theoretical challenges, 30 Sep-4 Oct 2024 Paris (France)



The role of short-term RES forecasting ;{jf PSLx PeRSce

Despite this apparent maturity:
= Large forecast errors may occur with a high financial/technical impact.
= Improving forecasting accuracy has been a continuous requirement by end users.

= Requirements for new forecasting products continuously emerge

Example of 2-days ahead wind power forecasts ‘Example of day ahead PV power forecasts
= A
100 ) T v "n,‘ T I T | .
N C%0%N = o
8% | @ 81 m 70%
2 80 ][R 70% 5 — B 60%
@ OV | 60 % £ x | 50%
DE_ PN o y- 5% >~ § €8 BN Measures
o 60 [UCICTUCTUNHRIE" |\ .Asstil W 0% | 2 - . o
OT_/ . b Yy Y ‘f;:': ‘f:'f - 30 % g—j § = zoty:
o “ > | I 20 % = g O 10%
2 40 . 109, s
o — Forecasts o
—— Measures “ R
20
= - ! °© T Ll 1 I 1 >
0 to +1h  +6h +12h +18h +24h +30h +36h .... +48h 0 20 40 60 80
Forecast horizon [x1h] Forecast horizon [x15min]

School/Workshop: Energy, mathematics, and theoretical challenges, 30 Sep-4 Oct 2024 Paris (France)



The general principle of RES forecasting % PSLx PeRSce

The case of wind power forecasting

AR}
3. TERRAIN, TURBINES 2. NUMERICAL WEATHER FORECASTS

FORECAST MODEL

. 80%
Bl 70 %
1 60%
. 50 % >
B 40 %
B 30 %
B 20 %
. 10 %~
. Forecasts

—&— Mesures

MESURES - Y Y 90 %

Prediction intervals

Production [MW]

to +1h  +6h +12h +18h  +24h  +30h  +36h....  +48h
Forecast horizon [h]

School/Workshop: Energy, mathematics, and theoretical challenges, 30 Sep-4 Oct 2024 Paris (France)




The general principle of RES forecasting ;{jf PSLx PeRSce

The case of PV power forecasting

Sky cameras  local measurements spatio-temp measurem. Satellite images Numerical Weather Predictions (NWPJ)

i
§/.e

Data for horizon interval 1 Data for horizon interval 3
(e.g. 5min—1h) .g. (e.g.3h—6h) (e.g. 6 h—48h)
$ $ $
Probabilistic forecasting tool @ Probabilistic forecasting tool @ Probabilistic forecasting tool @ Probabilistic forecasting tool @
horizon interval 1 horizon interval 2 horizon interval 3 horizon interval 4

pdf
pdf

Multi-time scale
Power Forecast

School/Workshop: Energy, mathematics, and theoretical challenges, 30 Sep-4 Oct 2024 Paris (France)
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The history of RES forecasting nes pagi

4 N

"Deterministic" (spot) view

762 IEEE Transactions on Energy Conversion, Vol. 11, No. 4, December 1996
WIND POWER FORECASTING USING ADVANCED NEURAL NETWORKS MODELS.

G. N. Kariniotakis G. S. Stavrakakis E. F. Nogaret
Ecole des Mines de Paris, Technical University of Crete, Ecole des Mines de Paris,
3 Centre d'Energétique, Dept. of Electronic & Computer Eng., Centre d'Energétique,
06904 Sophia-Antipolis, France. 73100 Chania, Crete, Greece. 06904 Sophia-Antipolis, France.
Production [MW]
bstract - Ige thi: b dvance . del, basqillon s urs. However, this paper is mainly
6 cur e :ful for the short-term scheduling
pjgeic 01 ¢ \\ ul “m that is, with forecasts of the
5 .l his (I 0| u : sim| or the next 2 or 3 hours with a
T h ) minutes.
4 B The cture l a ! orecasting mo r] el is pmm l d as following : initially, the state-
autor y by a ne x that substitutes the short-tern 1 wind forccasting problem is
3 usually diiblied trial-arfie i ((Iu . Fina |ll\ ﬂu u rrecasting model, is developed
hild l from the wind-diesel power system
2 g o 0 4 i l D Lemnos. An algorithm for the
. 0! colure of a forecasting model is
i . . Y

hm optimises all the parameters
lisation capability of the model
ita other than those on which it

+6h +12h +18h +24h  +30h +36h ... +48h

(ation of the developed model into
cm for the optimal operation and
diesel power system of the island of

Wind Energy Conversion Systems (WECS) ..p;m

1985 1990 2000

. First purely time Statistical / time-series " The 1%t ever journal paper, where IA was applied in the

series methods on approaches renewable energies field was published in 1996 (ANN for
WPF » Physical modelling ind f .
= First Al-based approaches wind power orecastlng).
= NWPs considered as input
= Empiric/hybrid implementations
into operational forecast tools

|2002-2006] ANEMOS (FP5), http://www.anemos-project.eu/ |2008-2012] SAFEWIND (FP7), http://www.safewind.eu/

[2008-2011] ANEMOS.plus (FP6), http://www.anemos-plus-project.eu/ [2019-2023] Smart4RES (H2020), http://www.smartsres.eu/


http://www.anemos-project.eu/
http://www.anemos-plus-project.eu/
http://www.safewind.eu/
http://www.smart4res.eu/
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-

Production [MW]

- m e s o oo

"Deterministic" (spot) view

3
e

3. TERRAIN

\
iy lh

r 7
NH7ERY /
? ‘h L’

é. WEATHER FORECASTS

1985

= First purely time
series methods on
WPF

|2002-2006] ANEMOS (FPs5), http://www.anemos-project.eu/

://www.anemos-plus-project.eu

[2008-2011] ANEMOS.plus (FP6), htt

1990

= Statistical / time-series

approaches

Physical modelling

First Al-based approaches

NWPs considered as input
Empiric/hybrid implementations
into operational forecast tools

4 Probabilistic view

>
+36h ... +48h

(Probabilistic & special situation\s

1st benchmarking (Anemos competition)
Physical modelling

Statistical models, Al, Data mining,...
Combination of models

First probabilistic approaches/ensembles
Upscaling

Evaluation standardisation/protocol
International collaboration

Dedicated NWPs for RES
Direct probabilistic predictions
Ramps forecasting

Scenarios, Enesembles,

Risk indices

Large errors warning/alarming
Spatiotemporal forecasting
Variability forecasting
Predictability maps

|2008-2012] SAFEWIND (FP7), http://www.safewind.eu/
[2019-2023] Smart4RES (H2020), http://www.smarts4res.eu/



http://www.anemos-project.eu/
http://www.anemos-plus-project.eu/
http://www.safewind.eu/
http://www.smart4res.eu/
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The history of RES forecasting }{)‘f PSL* PERSEE

® Major developments in wind forecasting in

. (" Variability/texture predictions ) ( Predictability maps ) . . ——
the perIOd 2002-2012. iy PRI e AR | . Massive data.— big data
= Solarforecasting followed a much faster | = . :
. & o | 03
learning curve that started around 2005 ——
(" Alarming tools for large errors) (PVforercasting | (Probabilistic Forecasting )

W ]
3 -
g;\ﬁ%\: soe _, z: o o oo %
e ol B ) A et

[rs Ramp forecastin

£ Spatio temp

s ot rat nakl

5 3

Risk Analysis Module

P [ of Nomwnad Powes]
2 0 0 %0 0N W W

School/Workshop: Energy, mathematics, and theoretical challenges, 30 Sep-4 Oct 2024 Paris (France)
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-

~

"Deterministic" (spot) view

S i
N -!!‘ 7
ik, h ¢

2. WEATHER FORECASTS

PREDICTION MODEL

1985

= First purely time
series methods on
WPF

|2002-2006] ANEMOS (FPs5), http://www.anemos-project.eu/

1990

¥

= Statistical / time-series
approaches

» Physical modelling

= First Al-based approaches

= NWPs considered as input

= Empiric/hybrid implementations
into operational forecast tools

4 Probabilistic view

- N e a2 0o o

>
+1h  +6h +12h +18h +24h  +30h +36h ... +48h

/N

/Probabilistic & special situation\s

S mart4RES

Y

Mapping of state of the art

1st benchmarking (Anemos competition)
Physical modelling

Statistical models, Al, Data mining,...
Combination of models

First probabilistic approaches/ensembles
Upscaling

Evaluation standardisation/protocol
International collaboration

Dedicated NWPs for RES
Direct probabilistic predictions
Ramps forecasting

Scenarios, Enesembles,

Risk indices

Large errors warning/alarming
Spatiotemporal forecasting
Variability forecasting
Predictability maps

|2008-2012] SAFEWIND (FP7), http://www.safewind.eu/

‘e
.

Seamless forecasting

Ultra high resolution (LES)
Advanced NWPs
Prescriptive analytics
Extremes

Data sharing/Data markets
New forecasting products
Resilience in forecasting
Optimal use in applications

[2008-2011] ANEMOS.plus (FP6), http://www.anemos-plus-project.eu/

[2019-2023] Smart4RES (H2020), http://www.smarts4res.eu/


http://www.anemos-project.eu/
http://www.anemos-plus-project.eu/
http://www.safewind.eu/
http://www.smart4res.eu/
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= Bibliometric analysis on Scopus on Solar/wind energy/power forecasting and similar
" 2930 documents between 1985 and 2023

Number of publications/year on RES forecasting o .
Number of publications/year on RES forecasting

600 600
500 500
400 400
300 300
200 200
100 100
0 0
1985 1995 2005 2015 2025 1985 1995 2005 2015 2025
——wind —e-solar ——total ——total —e—Al terms

School/Workshop: Energy, mathematics, and theoretical challenges, 30 Sep-4 Oct 2024 Paris (France)
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1. Context

2. Evolution of the State of the Artin RES forecasting
OUTLINE 3. The Smart4RES project

.. Highlight results

5. Challenges/Future research directions
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The Smart4RES project in a nutshell S mart4RES

= A multi-disciplinary consortium

France f//j PSL» D B e f

7 countries MINES PARIS ~ ARMINES Dowel innovaﬁoﬁ}

13 partners energy&meteo
End-users Germany &Y SYSWQ
Indust DLR
ndustry -
ry whiffle
Research N et h € rl an d S precision weather forecasting
Universiti DNV
niversities

Denmark E.r!

Meteorologists
Imperial College

S o 2
UK o
Funds: H2020 program
Budget: 4 M€ \A'
Duration: 3.5 years Portugal |NESCTEC NEP&CTG

2019-2023 Sk
Greece N ) HEWD.JXMGW

School/Workshop: Energy, mathematics, and theoretical challenges, 30 Sep-4 Oct 2024 Paris (France)



The Smart4RES project in a nutshell S nart4RES

Project vision: Achieve outstanding improvement in RES
predictability through a holistic approach, that covers the whole
model and value chain related to RES forecasting

H Vs 4*\\

[ Obijectives (& take aways)

i | AccURACY
i | (e.g. %in forecast
i | skill improvement)

= Methods to extract the value out of data through data sharing
i and data market concepts

= Advanced weather modelling & forecasting adapted to the
energy sector

i = New RES forecasting tools which, by design, are not only
optimized to maximize accuracy, but also other properties, like
S — —— simplicity, resilience, robustness, value in applications.
Sl Y profunerease ks | = A new generation of Al-based tools to simplify decision making of

The typical RES forecasting modeljvalue chain operators like meta-forecasting and prescriptive analytics .

School/Workshop: Energy, mathematics, and theoretical challenges, 30 Sep-4 Oct 2024 Paris (France)



Challenges & Smart4RES solutions and impacts S mart4RES

M * Ultra/high resolution modeling of weather conditions HIGHER MODELLING
OF THE PHYSICAL SYSTEM Weathgr forecasts adapt_ed to the energy sector U
* Modelling based on multiple sources of data
VULNERABILITY . Solgt_lons that pe.rmlt .operat.ors to t.ake_optlmal | RESILIENCE
decisions under situations with lacking information
* Convergence of the technology through seamless solutions
COMPLEXITY * Joint forecasting and optimisation prescriptive approach SIMPLICITY
* Reduction of information for human operators
( \ R d . . . || . s . ( \
e it educe uncertainties especially in extreme siituations RGNS
*  Optimisation tools to manage uncertainties
N J N J
e A . : : . A
* Value-oriented vs accuracy-oriented forecasting
AT Y * Privacy/confidentiality preserving data sharing & data markets UL E kbl aTLol

School/Workshop: Energy, mathematics, and theoretical challenges, 30 Sep-4 Oct 2024 Paris (France)
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1. Context

2. Evolution of the State of the Artin RES forecasting

OUTLINE The Smart4RES project

Highlight results

oW

Challenges/Future research directions

School/Workshop: Energy, mathematics, and theoretical challenges, 30 Sep-4 Oct 2024 Paris (France)
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Seamless RES forecasting <. PSL* PERScE

= Objective: develop a single probabilistic model able to cover all time frames, all available data input and
applicable to all technologies (wind/solar/combinations...). Have at least same level of performance as
existing dedicated models.

Sky cameras  local measurements spatio-temp measurem. Satellite images Numerical Weather Predictions (NWP)

——————— - —

Probabilistic forecasting tool @ Probabilistic forecasting tool @ Probabilistic forecasting tool @ Probabilistic forecasting tool @
horizon interval 1 horizon interval 2 horizon interval 3 horizon interval 4

pdf
pdf pdf

»
»

The usual RES forecasting consists in separate models for different time frames

School/Workshop: Energy, mathematics, and theoretical challenges, 30 Sep-4 Oct 2024 Paris (France)
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Seamless RES forecasting <. PSL* PERScE

= Objective: develop a single probabilistic model able to cover all time frames, all available data input and
applicable to all technologies (wind/solar/combinations...). Have at least same level of performance as
existing dedicated models.

Sky cameras  local measurements spatio-temp measurem. Satellite images Numerical Weather Predictions (NWP)

<t ' -
- TS
A e ol
£ 9_ - o P
s =R 'S e = 2 _
R e ;
24 *° 4 § o m§
bt i 2 AN T/ "’ v - ° °
"' 9 T /
Y et - .
e o

Heterogenous data input

Probabilistic forecasting tool for all horizons (from minutes to days ahead)

The usual RES forecasting consists in separate models for different time frames


https://dx.doi.org/10.1016/j.ijforecast.2023.12.005
https://hal.science/hal-04408320
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Seamless RES forecasting with enhanced feature selection e
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A
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Idea: Use filters to automatically select and weigh features, and forecast combination to
mitigate uncertainty caused by feature selection

= Data
= 20 PV systems and 60 wind turbines l/NWP/ [/ [/ /VPP/l
[
= Satellite derived irradiance maps with 289 Filters w
pixels | | . ~ o
CMI CMIM DISR MIM MRMR| [NJMIM| : -
= NWP forecasts at 108 grid points 7 T v v 3
AnEn AnEn AnEn AnEn AnEn AnEn
= Apply 6 filters to score the available MUY A A e
features | I '

= Normalize the scores to dynamically weigh | | |

the features OLP TLP
. . o ) )
= Optimally combine the probabilistic
forecasts with linear and nonlinear methods /\ J\ A A



https://dx.doi.org/10.1016/j.ijforecast.2023.12.005
https://hal.science/hal-04408320

Seamless RES forecasting with enhanced feature selection e PSL% PERSEE

. RMSE
= Evaluation & results 0.16-
0.12 4
- Quantitative analysis for the period 2020-01- 0087
. 0.04 1 Model
01 until 2020-09-30 o
0.07 1 — CMIM
- Comparison of: 0 o
O —— MRMR
= Vanilla analog ensemble (AnEn) that £ 0754 N
“ 0504 —=—
uses all features 005 ] o TLp
0.00 —+— SLP
= The 6 filter methods feeding data to an s e
0.410 A
AnEn model 04101
. . 0.400
= The 4 forecast combination methods o5 2 : 6
that combine the 6 different forecasts Forecast horizon (hours)

= The filter methods significantly lower the computational effort (90%)

16% CRPS improvement
and improve the accuracy between 6% - 16% on average ’ P

compared to vanilla
= Forecast combination improves probabilistic combination and thereby analog ensemble model

accuracy with 16% - 31% on average



https://dx.doi.org/10.1016/j.ijforecast.2023.12.005
https://hal.science/hal-04408320

/jf 4+ D=pc==
Resilient RES forecasting . PSLx PERSEE

= Objective: develop a forecasting approach that is robust against missing data at operational environment.

= Feature-deletion robust regression (FDRR) minimizes the worst-case loss when I" features are missing (MINES Paris).

25
22
20 -
> < 20
53] — 4}
< 15 <
= = 18
10 -
. - 15
-y
T T T T T T T T T T
0 2 4 6 8 10 12 0 | 2
# of missing features # of missing groups
- LS — LS-&3 ~— RF —+— FDRR RF: Random Forest approach commonly used as advanced
e P —&— LAD -4- RETRAIN reference model.

RETRAIN: retrained models with missing features.


https://laas.hal.science/ENSMP_PERSEE/hal-03792191v2
https://ieeexplore.ieee.org/document/10113854
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Value-oriented forecasting

Example Use-Case: Optimisation of VPP participation in day-ahead (DA) + Intraday (ID) + Ancillary Service (AS) markets:
(in parenthesis the number of models: 11 in total)

The classic approach:
FORECAST THEN OPTIMISE

Data on RES, storage, markets

Forecast aggregated RES production (1) v "
Input /
// X4 /—> M+
Forecast DA/ID energy market
guantities (prices, imbalances) (3) v \ez
7 7
/ nput . _| | Decision-making| | /" Decision |
i X |/ > 2 T /’ a |/
Forecast AS market quantities (prices, 7
volumes, activation probabilities) (6) -
0,
VAR
Stochastic optimisation for trading lr;?ut /_, Mn
decisions (1) no
Accuracy-oriented forecasting Optimisation
Bids on energy + AS markets (energy, prices) (trading)

School/Workshop: Energy, mathematics, and theoretical challenges, 30 Sep-4 Oct 2024 Paris (France)
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Value-oriented forecasting

Example Use-Case: Optimisation of VPP participation in day-ahead (DA) + Intraday (ID) + Ancillary Service (AS) markets:
(in parenthesis the number of models: 11 in total)

FORECAST* THEN OPTIMISE

Forecast aggregated RES production (1)

Forecast DA/ID energy market
guantities (prices, imbalances) (3)
/ 5 / 7
/ Ir;?2ut // - N DecisionT-making // Dec:'sion //
Forecast AS market quantities (prices, / / /
volumes, activation probabilities) (6) : .
.
. o . . /7 1
Stochastic optimisation for trading / mput
o —> Mn
decisions (1) / X

*Vélue-oriented forecasting Optimisation
Bids on energy + AS markets (energy, prices) (trading)



https://dx.doi.org/10.1109/TSG.2019.2914379
https://hal.archives-ouvertes.fr/hal-02124851
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Value-oriented forecasting

Example Use-Case: Optimisation of VPP participation in day-ahead (DA) + Intraday (ID) + Ancillary Service (AS) markets:
(in parenthesis the number of models: 11 in total)

Decision-Oriented Learning

JOINT FORECASTING & OPTIMISATION

x

S

Forecast aggregated RES production (1)

/' mput
Forecast DA/ID energy market / X1 H
quantities (prices, imbalances) (3) ' "
Input , AI_Pased ) i Decision
Forecast AS market quantities (prices, %o prescriptive analytics / d ’
volumes, activation probabilities) (6) .
.
Stochastic optimisation for trading / Input
decisions (1) ' X/

Bids on energy + AS markets
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= Prescriptive trees for integrated forecasting and optimization applied in RES trading

= |llustrative results

= Proposed method Prescriptive Forest (PF), benchmarked against the standard Forecast-then-Optimize
(FO) modeling approach

WindSpeed WPP I Net Load Forecast

BN Volume lag96 B Temp WPP
126 - X 100 - Margin BN Dual WA Single
v_ - - \ = = PF —

2 124 - AN —— f0 80 - . l l o 7

84 \ & /

2 A 3% S l 4
= 1.22 1 S~o o

£ X £ 0 /]

§ 120 - \ sj 7 %

\ E o N B

=118 - '/'“‘:' = 2 % ?

—4'50 —4'oo —3'50 —3'oo —2150 —2100 —1I50 —1'00 i 20 7 ? ? /

CVaRsy, (EUR) ‘ % 7

: - /. — 4

Risk-reward trade-off against the standard " k=025 k=05 k=075 kel

FO ’ Normalized Prescriptive Feature Importance
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Interpretable Al for enerqgy forecasting & decision making

= Goal: Develop a wind power trading approach which is interpretable by design

Symbolic regression

PR Reasonln
Start with a library of symbolic variables il 9
— +

2 3 T o ——] |NtETPrELAtON
Wapeed  Wopeed  Wipeed I'emp rec odl
| / ! h
o L] ‘
Symbolic learning B Medium High
wind speed wind speed wind speed
Step 1 . . 0.8Tw?
- Step2 2 00 by L7TWapeed Temp € [271K,311K]

Riar:\i;ii(;nlz (ZeI:tei;a:e Fitness Value Computation Sym bOlIC ()~O41”sp¢3nd ()027 + _Ll emp TCCT Wapeed TCC €10,1]

pop for each individual ExpreSS|

on )
Is Fitness Threshold or Low TCC
Max. Num. of Generations Reached? ”
Step4 '-,h! / » Average
- Temp & TCC
perform j 15 High TCC g
Reproduction w Output Best Individual, Low Temp

Symbolic Learning
/ High Temp
y/

Step 3

z
) g
>€ -
Bidding Decision (MW)
o
b -

Application of
Selection mechanism

len(Z) — 1

op(2) = i.e;op(Z) =3 Wind Speed (m/s)

School/Workshop: Energy, mathematics, and theoretical challenges, 30 Sep-4 Oct 2024 Paris (France)
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Privacy preserving data-sharing for forecasting

= Goal: Extract information from spatially distributed data
= Correlations due to propagation of weather phenomena

AData might belong to different owners and has privacy and confidentiality constraints
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1. Context

~

Evolution of the State of the Art in RES forecasting

OUTLINE The Smart4RES project

Highlight results

vosw

Challenges/future research directions
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Challenges/Recommendations for future research directions (1/2) ;{Zf PSL* PeRScE

1. Research towards RES-dedicated weather forecast products (i.e. higher temporal resolution and
frequency of updates for classical NWPs, focus on specific variables sensitive for energy
applications)

2. Ultra high spatio-temporal resolution modelling of weather variables (i.e. Large Eddy Simulations).

3. Improve seasonal forecasting and associated uncertainty

... Better forecasting of extreme situations (ramps, fog, snow, icing, lightnings,...)
Advanced techniques for combination of multiple sources of data for RES forecasting.

6. Forecasting RES production under external constraints (curtailments due to congestions, AS
provision, noise, birds...).
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Challenges/Recommendations for future research directions (2/2) ;{Zf PSL* PeERSeE

8. Go beyond “accuracy-oriented” RES forecasting to “"MultiProperty-oriented” forecasting by design.
= |f based on Al methods: they should be follow trustworthy Al principles.
= Models need to be resilient (missing data, extemes, cyberattacks...), robust to uncertainties,

9. Mature privacy/confidentiality data sharing solutions for collaborative forecasting and optimization.
Solutions like data markets for value sharing.

10. End-to-end interpretable Al-based approaches, like prescriptive analytics, to simplify (automatise?) the
classic model chain “Forecast then Optimise” to “Joint Forecasting and Optimisation”.

11. Need to develop optimisation/decision-making tools able to integrate alternative forecasting products (i.e.
ramps forecasting, risk indices, scenarios...) to simplify decision making by operators.

12. Need to facilitate the adoption of probabilistic decision-making by operators.

13. Work towards standardisation of RES forecasting products.

= Publication practices/criteria should evolve to be able to bring added value to the society (use of open data, code
submission for replicability check)..
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- -
o—o
'

georges.kariniotakis@minesparis.psl.eu

e

@
\-?Smor’rlfRES @
N

https://www.linkedin.com/in/george-kariniotakis-2a868912/

Publications: https://cv.archives-ouvertes.fr/georges-kariniotakis
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Renewable Energy
Forecasting

From Models to Applications

The Smart4RES project has received funding from the
European Union’s Horizon 2020 research and innovation
programme under grant agreement No 864337
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Take aways

e Further evolutions of weather forecasting models needed (data assim., frequent updates...).

e Alis agame changer in weather forecasting. The first fully Al-based models emerge
— ECMWEF model: https://www.ecmwf.int/en/about/media-centre/aifs-blog

— Encoder and decoder using attention-based graph neural networks.

Source ECMWF
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