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Renewable energy mix: production

In the near future
more & more
floating
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Upscaling

Nameplate
EIFFEL TOWER: 324m Capacity

GE Haliade-X 12-14 MW

B STATUE OF
LIBERTY: 93m
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Solar and wind are complementary

Winter months are characterized by high wind WINTER MONTHS SUMMER MONTHS
while summer presents lower value —2n _')J/
) -

'|‘

Solar PV resource Spain 2017
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Meeting demand and supply

Balancing

Demand

Role of the TSO to keep balance and thus 50Hz
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PPAs

Most common PPA structures

CLEAN ENERGY e CLEAN ENERGY
BUYER ' SUPPLIER
- F Y
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PPAs

Most common PPA structures

Buyer Contracted PPA volume = Power supply = Demand

Pay-as-produced Shaped Baseload As-consumed

Description The consumer buys the The seller converts the The seller converts the The PPA volume is the
, gross generation from gross generation from gross generation from the  actual off-taker demand.
e the assets. the assets into a fixed assets into a monthly/
shape over a year. annual baseload volume.

It has a higher  The buyer, as the The seller, as it has to The seller, as it has to The seller. Only sellers
price risk for... generation from the settle the difference setile the difference with a large generation
renewable assets is not between actual volume between actual volume portfolio and flexibility
fully predictable. produced and the fixed produced and the assets can offer this type
shape at the market baseload at the market of PPA.
(resulting in a gain or cost). (resulting in a ghin or cost).

\VUB \U/El||JvEERS|TElT ﬁ LDES Council, a path towards full grid decarbonization with
BRUSSEL L 24/7 clean PPAs, McKinsey & Company




PPAs
A well-established approach

TOTAL K AVERAGE
SIGMED PPAS 751 J ' CONTRACTED

CAPACITY
CONTRACTED 46.5GW
CAPACITY _ DURATION

EEE;&#GTED 108 TWhiyr : - - PERCENTAGE

NEW BUILD PPAS

SIGNED PPAS

CONTRACTED CAPACITY
m Onshore wind

Offshore wind Capacity = Onshore wind

Solar e Offshore wind

Renewables porifolio Solar

Other Renewables portfolio
Other

~ -’ ‘ '
13.5 GW Netherlands and Belgium

total wind energy capacity
Since 2013

BRUSSEL




PPAs

A well-established approach

SECTORS BY CAPACITY

10

B‘. .l
I —

TOTAL

SIGNED PPAS 751 ]

4
- 1 ==

CONTRACTED 46.5 GW
CAPACITY

CONTRACTED 108 TWhiyr AP o
ENERGY

Capacity (GW)

- TOTAL CONTRACTED PPA
L : CAPACITY Capacity

e ICT -

Heavy industry

Telecoms

Retail

Consumer goods
» Transport

Other
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PPAs
A well-established approach

All buyers and sellers ~ ik BUYERS BY CAPACITY

. ® Amazon
TOTAL , Google

SIGNED PPAS 751 : ¥y Umicore
Microsoft

CAPACITY Crange

CONTRACTED 108 TWhiyr = Borealis

ENERGY . » Netherlands Railways

= Vodafone

® Equinix

= Undisclosed buyer
Other

CONTRACTED 46.5 GW ; .

CONTRACTED CAPACITY

Capacity

m Onshore wind _

R SISO SELLERS BY CAPACITY
Solar

Renewables portfolio = Unknown
Other Statkraft

ENGIE

’ Iberdrola

Eneco

» Better Energy
s RWE

s EDPR

®» Axpo

» Vattenfall
VRIJE Other
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Introduction of flexibility
Add storage

N
>\\y

As demand for batteries is going up,
storage costs are going down

MWh

16,000

14,000
12,000
10,000
8,000
6,000
4,000
2,000

o]

2011 2012 2013 2014 2015 2016 2017 2018 2018 2020 2021 2022 2023 2024

Price (S/KWh) === Battery market (Mobile & Stationary) (MWh)
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Introduction of Flexibility
Power to X

e.g. Fraunhofer H2Mare
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Digital twin
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Need data for:

Validation

Training




Itis all about data and Al
Some cases

Advanced weather forecast

Wind farm modeling and calibration for wake

Wind farm control combined with storage

Health assessment
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“Testing lab”




Belgian offshore zone - A unique ecosystem

OIMW

Combination of different turbine types = ideal to learn

———
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Offshore lab: lidar for wind insights

2,
3,'. _
.. - 4 4 J
i : " Windspeeds -l
: measured using
laser
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Measurement campaign

 Field experiment:
e 10 Months in front row.

Ul
g
o
©

Norfhing (km)

51.65
273 2735 274 2745 275 2755 2.76

Easting (km)
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— Weibull fit: k=2.75, 1=13.44
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« Wind speed (left) and wind direction distribution (right).
« Site characterisation.




Wind Field Reconstruction

 This method uses two line-of-sight measurements to obtain wind parameters, such as wind speed.

 2-Beam reconstruction is applied [1], with wind field simplifications:
Not tilted, i.e. no third component in the wind speed vector.
Horizontally homogeneous

Wind speed components (V. and V) are estimated with the measurements in V; 5. and Vs, .

[1] R. Wagner, T.F. Pedersen, M. Courtney, I. Antoniou, S. Davoust, and R.L. Rivera. Power curve measurement with a nacelle mounted lidar. Wind Energy, 17(9):1441-1453, 2014.
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Weather conditions

« Use of Meetnet Vlaamse Banken data to characterize
local weather conditions:
« Atmospheric stability.
« Air and sea temperatures.
 Wave and wind directions. ® Air Temperature
« Use of SCADA to calculate turbulence intensity. " Sea Water Temperature

very stable
stable
stable neutral
= neutral
= unstable neutral
B unstable
B very unstable

DDUHN b

Moy My, Mop, Mop, Mop, Mop,  op, o, Mo, o, M
My o Mg My s e M, e g Mg, U, 0 5 10 15 20 25

Temperature [°C]



Winter Summer Autumn
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Wind Speed Bins [m/s]:
" [2-5]

" [5-9]

" [9-13]

= [13-17]

" [17-21]

= [21-25]




Offshore lab: Turbine monitoring
Dedicated accelerometer instrumentation for turbine (incl. drivetrain) and foundation monitoring

20 turbines

PARKIWIND

CLUSTER

ONDERNEMEN

Z\n | AGENTSCHAP Al T
’((\1 INNOVEREN & ;C BLAUWE
<
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S
norther
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Offshore lab: Rain induced blade erosion

Dedicated rain instrumentation and weather station

| —=h = von KARMAN INSTITUTE :
’*—%ﬁ—;?;}f?—f FOR FLUID DYNAMICS elia group
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Offshore lab: Wake measurements

PPl scan at 2023-10-24 10:57:21
Visibility: 45167.3m
Average SCADA WS/WD: 12.2 m/s, 204.4 °
Elevation angle: 1.0°
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Same PPI
At several elevation angles
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Digital twin of wakes at wind cluster level
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9 & root/hub vortices
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At several elevation angles
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Digital twin at turbine level

Physical space Digital space

Simulation \

~_—_—_—_—_—_—_’

for drivetrain and
blades
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Problem statement

Belgian-Dutch offshore wind farm cluster

Roosendaal
o

Broadstairs
o

Canterbury. Blankenberges
]

Ostend Ant\éverp
o

Folke3tone DLl i
o % &
oEil B(u%é'é_l_§
13 wind farms | V. s Em— —
« 572 wind turbines (3764 MW Wind farm B'pérato:Ps: “Power production forecast for my wind farm 2"
*_Planning 2o MV“‘I - different forecast horizons: day-aﬁead & intra-day eﬁergy trading, grid balancing services, ...

- « high speed predictions: real-time recommendation & control systems
Large share of the total energy mix (>50%) «  short time resolution: ~1 min.

+ fluctuating nature
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Parameters influence wind farm power

Farm-internal
Farm-external

coastal effects turbulence intensity

wind speed .
F==°s

wake by neighboring farms |:> {---»~ wind direction variance

wind direction : :
wind farm blockage air density

farm layout
turbines in standstill turbine type

turbines in reduced operation mode

farm power controller
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Modular deep learning structure

(or historic data)

Weather forecast l
|

wind speed
wind direction
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Farm wind inflow

Model for
farm-external
phenomena

wind speed

wind direction
many other wind &
farm characteristics

Models for unknown

wind parameters
turbulence intensity,
wind direction variance,
air density, qty of turbines
in standstill

Wind farm power
model

Wind farm
internal wake

Wind turbine power
model




Farm wind inflow - dynamics

: Positiont

8km=7to27 min @ 20 to 5 m/s
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Farm wind inflow - upstream turbines

O @) O

i v vl }i;’__.m~t;... Lt
o - o o o
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Wind farm production

(or historic data)

Weather forecast I
|

wind speed
wind direction
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Farm wind inflow

Model for
farm-external
phenomena

wind speed

wind direction
many other wind &
farm parameters

Models for unknown

wind parameters
turbulence intensity,
wind direction variance,
air density, qty of turbines
in standstill

Wind farm power
model

Wind farm
internal wake

Wind turbine power
model




Deep-learning model structure

Inputs Convolution 1 Convolution 2 Dense 1 Dense 2 Dense 3 Output

Parameters influencing

A ' o)
wind and wake profile . X
. (e)
across the farm . (2
in a continuous
Dropout Dropout Dropout Dropout .
5
--------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------- oQo
Qk

Uncertainty prediction based on: Monte Carlo dropout + Sigma-
scaling
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Test cases: two wind farms

* 2.5years of 1-second turbine SCADA data
* pre-processed to 1-minute farm data features

Data set #Wind Farm 1 | # Wind Farm
2

Training 960.695 978.008

Test * 292.996 292.078
Validation ** 15.810 15.810
Total 1.269.501 1.285.896

* data blocks from days 2, 3, 4, 16, 17, 18 and 28 of each month
**1 time sequence for 11 consecutive days
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Validation time sequence

95% confidence

90% confidence

80% confidence
68.3% confidence
true farm power
predicted farm power
wind speed

0
2
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e,
[0
0]
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0

hour 0 hour 4 hour 8 hour 12 hour 16 hour 20 hour 24 hour 28 hour 32 hour 36 hour 40 hour 44 hour 48 hour 52 hour 56 hour 60
Time
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Validation Time sequence - with farm power control
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95% confidence

90% confidence

80% confidence

68.3% confidence

setpoint farm power controller
true farm power

predicted farm power

wind speed

hour 1 hour 2 hour 3 hour 4 hour 5 hour 6 hour 7 hour 8 hour 9 hour10 hour11 hour12 hour13 hour14 hour15 hour 16
Time
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Performance metrics

Wind Farm 1

Wind Farm 2

Performanc | training
e metrics

2.22% 2.42%

ME -0.05 % -0.17
%

RMSE 4.02% 4.21%
R2-score 0.99 0.99
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Farm power forecasts based on wind forecasts
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181 ' ' ' Turbine level
Digital twin using dynamic models urbine leve

Cluster level -~
Ve \
vd \
VAR !
LoOa SIS . / \ /
VAl  oiniacs it et
/ : —~
Met-ocean P - Structural
1t model

Resource
model
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Step 1: Calibration at single farm level

Benchmarking:

* |n blue: Pre-calibration:
* Wind speed
* Wind direction

* |Inred: Post-calibration:
* Tuning parameter
* Wind speed
 Wind direction
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[ 1 pre-calibration
[ 1 post-calibration
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Accumulated relative error, € [%

T

Clear improvement




t concession level

1011 4

: Calibrati

Step 2

20

10

Easting [km]

£
X,
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Step 2: Calibration at concession level

Comparison between results using different
tuning procedures:

« Farm-wide tuning considering internal and
external wake

« Concession-wide tuning

Example tuning parameter

® wind farm 1 $® Windfarm 4
Wind farm 2 ® windfarm 5
® wind farm 3

H'%hhhhhkﬁhhhﬁﬁﬁg

o
w
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wind speed [m/s] wind speed [m/s]
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Step 2: Calibration at concession level

Comparison between simulated power and measured power production
when North-West wind faced:

PO
L+
;;;;;;

* High correlation between model and observations

No major over- or underestimation of power production at a farm-wide
level

Northing [km]

A
A%a
AALX

Relative wake model error [%]

Wind Farm 1
Wind Farm 2
Wind Farm 3
Wind Farm 4
Wind Farm-5

=
o

o
oo

Wake model power [-]
o =
BN (@)

0.6 0.8 1.0
\VUB mJVEERSWT ﬁ SCADA active power [-]
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Step 2: Calibration at concession level

Comparison between simulated power and measured power production
when South-West wind faced:

* Significantly lower correlation between model and observations

N
o

* Over- or underestimation of power production at a farm-wide level

Further investigation needed in these wind direction (e.g. implementing
heterogeneous wind conditions)

Northing [km]

=
o
Relative wake model error [%]

=
o

Wind Farm 1
Wind Farm 2
Wind Farm 3
Wind Farm 4
Wind Farm 5

%o

Wake model power [-]
o o
(@)] (0]

o
~

0.4 0.6 0.8 1.0
VUB Xﬁ'ﬁfgngnm ﬁ SCADA active power [-]
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Step 3: Comparison of different wake models

1 Jensen (1983)
Gaussian, Bastankhah (2014) LT TurbOPark (2020)
i Gaussian, Niayifar (2015) Gaussian TurbOPark (2022)

0.05 0.04

0.04

0.00

Accumulated error [%], entire cluster Accumulated error [%], wind farm 1 Accumulated error [%], wind farm
0.04 0.04

o
o
@

Density [-]

100
Accumulated error [%], wind farm 3 Accumulated error [%], wind farm 4 Accumulated error [%], wind farm
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Models need to be tuned to
ensure simulation matches
reality

* |Initially large discrepancy between
internal wake losses of the
different models

Calibration procedure significantly
reduces variability between the
different models

ZNWF ZNWT scada Pmodel

cluster __

acc,wt ZNWF ZNWT Pscada

farm Z:NWT |P_scada _ ijodell
acc,wt — Z;\}':WT Pscada
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Deep learning based power model

The graph G can be
represented by the
set of all node feature
vectors and edge
attribute vectors:

G= ({zi}ieV’ {eia'}(i,j)eE)

d) Feature encoders: Spatio-Temporal GNN

Decoder Prediction

[-] 15amod annoy

VRIJE =7 f) Decoder g) Power prediction for all turbines
VUB universiter .l@ ﬁ
2
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Deep learning based power model

vuUB
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Energy Ratio [-]
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Number of datapeints [-]

Energy ratio of two turbines per wind direction

—e— SCADA
MODEL

¥

v T v
100 150 200 250

Number of datapoints per wind direction

150 200
Wind direction [*]
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Introduction

instantaneous

induction

Why wake steering?

POte ntlal. pOWGI‘ gaInS on fa rm level wind direction wind direction
Jimenez A, Crespo A, Migoya E, Wind Energy 13:559-572 (2010)

— «— near-wake —— «————— far-wake —m

time-averaged

Why don’t we perform wake steering on large-scale

Dependent on wind and atmospheric conditions (e.g. stability)

Prone to inflow and sensor uncertainty Porté-Agel F, Bastankhah M, Shamsoddin S, Boundary-layer Meteorol 174, 1-59 (2020)

How can we minimize uncertalnty?
Robust controller design (by including sources of uncertainty) |

Correlate atmospheric stability with wake properties (e.g. velocity deficit)

VRIJE > |54
VUB! universier LAY
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Methodology

Calibrated wake
model’:2:3

Yaw angle optimization for
different calibration
outcomes using Serial-refine
method* and Jimenez wake

deflection model®

Calibration outcomes
as function of stability

Stability annotation

——
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Methodology
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Methodology

vuUB

Determining wake properties using
SCADA:

Calibrate wake model velocity deficit
parameter(s)

* Filtering:

. Power-curve

. Status ldgs
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e Accepted data (70.4%)
e Rejected data (9.0%)
e Accepted data, turbine inactive (20.6%)

; 0.6
Normalized wind speed [-]

Van Binsbergen D, Daems P J, Verstraeten T, Nejad A, Helsen J 2024 wind energy science Vol. 9, No. 7 p. 1507-1526




Methodology

* Calculate atmospheric stability using:
* Metetereological mast
- Sta

. '

-

A i -*’—4 s = ot = =
< P .

Westhinder met mast
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Results

Tuning parameter distributions:

| I -
Stable conditions are relatively uncommon in the north sea —t Median of Neutral Conditions
" Median of Unstable Conditions

Wake expansion parameter, A:
Larger for unstable conditions
Smaller for neutral conditions

\
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Results

Deterministic and robust optimization:

Deterministic optimization:
m;?X(Pfarm(Y)) = Pfarm(YrA)

Robust optimization:
mﬁX(Pfarm(Y)) a ZA Pfarm()’r A) - f(A) - AA

degrees

Wind speed: 9 m/s
Wind direction: 225

|

[ 7
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Wake steering control [MW]

E
2,
()]
€
M o
=
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Z

Neutral:

Probabilistic: 2.6% increase
Deterministic: 2.5% increase

2.5 3.0 3.5
Greedy control [MW]

Easting [km]




Unstable:

§3.50
Results s
I
c
8
. Sl 2
Deterministic and robust optimization: z
&
- - - - - - w
Deterministic optimization: 2
© irel s .
_ = P e Probabilistic: 0.5% increase
mf?x(Pf arm(¥)) = Prarm (¥, 4) : §¢ o Deterministic: 0.4% increase

Robust optimization: 225 250 275 300 325 350
Greedy control [MW]
m)flx(Pfarm()’)) a ZA Pfarm()’r A) - f(A) AV,

Wind speed: 9 m/s
Wind direction: 225 degrees

)

Northing [km]

Easting [km]
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d farm control
combined with storage

Win

Electrolysis
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Al based approach for market driven control

Actions

» energy trading

+ setpoint wind farm production

» setpoint hydrogen production

+ activation / deactivation of electrolyser stacks

ACTIONS

AGENT

ENVIRONMENT
State ‘ i | Rewards ~ expected revenue streams

+ wind conditions, actual prices, ... STATE
» actual power production
» activated electrolyser stacks
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Al based approach for market driven control in combination with H,
production

Hydrogen production facility

%) o [8°

Electrolyser stacky @ Dedicated utilities

for stacky

Fluctuating Fluctuating
weather conditions power production

%) m(8°

e — @ Dedicated utilities

for stackz

Wind farm

]

Electrolyser stackz

Shared utilities
Power for stacka-s Price

forecasting hydrogen
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