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Introduction

* Renewable and wind energy production is increasing
* Wind energy is highly weather dependent

* Fluctuations in production cause fluctuations in power transmission and consequently
can cause grid instabilities and need counteractions to ensure stability

* Energy producers and traders need to submit day(s)-ahead and intra-day production
- if above / below fees can arise

* Targeted predictions of expected power need to be as accurate as possible, should
also include uncertainty estimation, and with a high temporal frequency

e Often, also meteorological field forecasts are needed besides power forecasts

How to generate targeted predictions? What tools can we use, what could be an
additional input?
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Numerical weather prediction models

AROME 2.4 x 2.4 km model grid and wind turbines

— grid rather coarse for wind

AROME grid turbines but better than global
model (9 x 9 km)

— models provide forecast of wind
speed also at different altitudes
(e.g. 80,100, and 135 m a.g.l.),
suitable for nacelle heights =
BUT: only wind components,
seldom temperature

Challenges:
— Data accessability of turbine data (model verification, model tuning,...)

— Turbine specs ?

— Data transfer

— Smoothness of forecasts

— ,downscaling” to turbine level
— storage
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Numerical weather prediction models — wind turbine forecast (?)

forecast
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Post-processing for wind energy applications / forecasting — simple
approach

NWP model (ECMWF / AROME / COSMO / WRF / ...)

hy: up to 120 forecasting hours gnb flle
s ... a packed data format for weather forecasts.

ECMWEF forecast, upscaled 135m wind speed vs. turbine obs - 2022 01 15 00UTC
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Post-processing for wind energy applications / forecasting — simple
approach

ECMWF forecast, upscaled 135m wind speed vs. turbine obs - 2022 01 15 00UTC Typica”y' you know what turbine type you are predicting

—— windspeed_avg

How to get the produced power? S @ @

0076

w« \ | s ][ € : ggg_g
N What went wrong before?
iy o .
RN ,\ | Changing values of C,
\ « pvaries

Wind speed m/s

D’ il 10 0 N
T 21 105 2750 18 150 0.091
f f o 0 0 2 n 20000 i) ) )
o . Y 2 1 20000 20 210 0067
6’0‘\‘7’ g’\’?’l g‘\‘ﬂ g’\q‘ gg\n’ g\’q’q‘ ) 1 30000 2 220 0058
N 5 12 30000 22 230 0051
time 26 130 30000 23 240 0045
a s 30000 24 %0 004
) 140 30000
) 15 30000
ECMWF forecast, transformed power vs. turbine obs - 2022 01 15 00UTC l
3000 A r
2500
2000
g
1500
2
1000
500
—— power_avg
0 —_— powermanufcurve
T T T T T "




Post-processing for wind energy applications / forecasting — short side
note...SCADA data

* Input, target, and validation data to any kind of algorithm

* Needs:
* (basic) quality control algorithms = when did curtailment happen, etc.
e Periodically updating the annual energy prodction curves

Exploratory power curve

QC wind
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Post-processing for wind energy applications / forecasting — simple
approach

ECMWF forecast, upscaled 135m wind speed vs. turbine obs - 2022 01 15 00UTC Idea“y’ you get historic turbine data usable for diff.
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ECMWEF forecast, transformed power vs. turbine obs - 2022 01 15 00UTC
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Post-processing for wind energy applications / forecasting — simple
approach

ECMWEF forecast, upscaled 135m wind speed vs. turbine obs - 2022 01 15 00UTC

A M\ —— wspeed135m
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If you don’t have a power curve...

ECMWEF forecast, transformed power vs. turbine obs - 2022 01 15 00UTC
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Post-processing for wind energy applications / forecasting — simple

approach

ECMWEF forecast, upscaled 135m wind speed vs. turbine obs - 2022 01 15 00UTC
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Machine Learning and statistics — not-so-simple PP
statistical probabilistic post-processing/forecasting EMOS/gEMOS/SAMOS @ ZAMG

Fest. Example from 15.12.2018

EMOS:

y ~ N(p,o)
= bg+bm
g = Co + €18

Boosting: adds some mac
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O = Cy+ C1z2] + Cozo + C323 + ...
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ing learning
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Advantage: we get an uncertainty estimation on-the-fly with the statistical-based
method
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Machine Learning and statistics — not-so-simple PP
statistical probabilistic post-processing/forecasting EMOS/gEMOS/SAMOS @ ZAMG

124

Advantage:
could be
Extended to
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Machine Learning and statistics — not-so-simple PP

statistical probabilistic post-processing/forecasting EMOS/gEMOS/SAMOS @ ZAMG

Ramping event:

2021-03-25 until 2021-03-29

MAE [power]

Importance of observations
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Machine Learning and statistics - machine learning methods
semi-operational model ZIANN (ZAMG interval Artificial Neural Network)

— Hourly forecasts for the next 48 hours ahead
— Uses a neural network in “ensemble mode”
(deterministic forecast) and a random forest

Input Hidden Hidden Ouput
layer layer layer layer

* Direct access to “online” SCADA data

* In-built QC (AEP and range control)

* Adjustable forecast intervals, neurons, layers, etc.

* Adjustable training length depending on data availability

f — Forecast right now deterministic, probabilistic on
: the way
Skills:

Challenges:

* Meteorological obs data available every 10-minutes
with only a tiny delay = SCADA data can have a delay of
up to 2 hours or even more

- * NWP data so far with a (semi-)large delay of up to 7

0N |1 coo AT 48 hours

01 B * Non-convection permitting models are easy to learn of,
& - [

don‘t need long time series of data — convection
permitting models not, need lots of data

* Changesin the NWP model — how to deal with them?
After 3 — 4 years a model changes nearly completely
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Machine Learning and statistics - — not-so-simple PP

machine learning methods

* |nput data:

e can not use data ,as is“ =2 units of parameters, need scaling
* Power transformation = ML methods like gaussian / norm data. Need to

transform skewed parameters

* (basic) quality control algorithms

* Periodically updating the anntial enerev nrodetinn ctirves

= E_F _Q_=

—— —— e ————
Ak WUSQRECMWGLRIE (Mo power T 03 Mo_obsiver cbs0obs10d_obs10o_ chgimver olsIDobs200d_cbswer opaBEr G540
ariable
x Scals
] T 1
o
o

______ ViR CEIHy 1 Mo powes T dd ffa_ohahves_obs T0abs104d_obs18a_obawer_obsThobs20ki_ob=wer_obaber_obsd0

1B_u10 ECMWFGRIB_10v
lso0a0
|20000
uuuuu
a o

WRBRIE_v. 525 RIB_2t10  —20ECMWRGRIB_t 375
l20ax
20000 o waa
2000 10000 10000
a a o
-PUMWFGRIE_t.850 w 28power 300 287 30
© |00 0

—
ECMWFGRIB_v.85010 =10 ECMWRG
l .
s
2

140000 —————

Feature importance 365 days training




Machine Learning and statistics - machine learning methods
semi-operational model ZIANN (ZAMG interval Artificial Neural Network)

wind speed [m/s], BIAS [m/s]

Example wind turbine wind speed Example wind turbine wind power
non-Austrian, two different machine
learning algorithms
E
’ —-—\4::;::6945 J\\’, g 0 \ A . A k
-3 Z:ANN o - III :I"."I:;’IIII'-ﬁ I|I II ——— FIANN - BIAS: 25,79
B Eg:x&é::g: -3.668 . '.\/\,u' \J ! : ;sés-ams: 7235
’ e fozrgcast leadtime [h]30 “ % - - - - ’ K:IEMS

forecast leadtime [h]

\Y

ZAM

)



Machine Learning and statistics - machine learning methods
experimental nowcasting model

Data
Observations only

(changes in future when AROME-

RUC available)

Perturbing
observations
for ensemble

2.0
08/24]19 1@08fR4/19 108R4/19 108 4/19 108R4/19 1706[24/19 1DER4/19 1108R4/19 108R4/1¢

Sub-hourly forecasts for
the next ~ 6 hours

Ensemble of methods (in

ensemble mode
Forecast

Random Forest)

Feature selection
(LASSO, XGBoost,

l

Forecasts: up to 3
hours, 5 — 15-min.

frequency

Ensemble nowcasting methods (single/multiple selections
possible):

- Multilinear regression

- SVR (grid searched)

- Random Forest

- XGBoost

- FF ANN

- Complex NN

- Monte Carlo

- Stochastic Noise Forecast
- LightGBM

- Gradient Boosting

Skills:

Direct access to “online”
SCADA data

In-built QC (AEP and range
control)

Adjustable

So far no NWP model
(AROME-RUC next step)

Challenges:

Data availability

Needs a large amount of
observation data

Could synthetic data be a
solution?
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wind speed / gusts [m/s]

Machine Learning and statistics - machine learning methods
experimental nowcasting model

meteorological observation site Wien Hohe Warte, forecast of 24.08.2019, init at 16 UTC

artificial gustSused in training&forcast, measured plotted

Newly developed for wind turbine gust estimation

10

e ffx OBS
o—e ff OBS
o © »—+ artificial ffx
o—o NoiseForecast ensmean_ffxmem-0
e—e MonteCarloF_ensmean_ffxmem-0
NoiseForecast ffx
MonteCarloF_ffx

16:00 16:15 16:30 16:45 17:00 17:15 17:30 17:45 18:00
forecast leadtime [10-minutes], init; 2019-08-24 16:00:00
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Machine Learning and statistics - machine learning methods
experimental sub-hourly medium range predictions

INPUT

Observation data
Static data

Feature
selection

Ensemble
Perturbation of
observation data

USPAI-core
ENSEMBLE

Statistical & machine
learning regression
methods

(ML regression,
RandomForest, Feed
Forward neural network,
Monte Carlo, stochastic
noise,...)

ENSMEBLE NOWCASTS

5/10/15 min frequency forecasts for the next ~
6 hours ahead

LI INPUT

Observation data
Static data NWP model data

Feature
select|on

Ensemble
Perturbation of
observation data

USPZIANN
ENSEMBLE

using the USPAI-
core

PROBABILISTIC DAYS AHEAD FORECAST

5/10/15 min frequency forecasts frequency forecasts for the next ~ 48 hours
ahead (or more, depending on NWP model)

INPUT L

Observation data
NWP model data Static data

S o

COMBINE

First experiments currently
running

ZIANN-core
ENSEMBLE

RandomForest
Feed Forward neural

DETERMINISTIC DAYS AHEAD
FORECAST

Hourly frequency forecasts for the next ~ 48 hours ahead (or
more, depending on NWP model)




Machine Learning and statistics - machine learning methods
Future: (sub-) km-scale spatial predictions of wind speed for improved power

Point forecast using complex neural network setup and multiple data sources (PhD project, AWAKE):

s up to 120 forecasting hours grib file 4-DIMENSIONAL DATA MODEL (—CNN)
... a packed data format for weather forecasts.
NWP data from AROME (grib) Observation
use the most recent model output use same cell size, time series

many vars: //' hyg: 1,2,3,...,40

g

T Rivip;
radiation, ...

levels

iTaL

Gridded forecast using complex neural networ sources:
47.0 i b;}{%& PER . :
46,5} Wy




Methods, data, tools — link selection

Data wind power:

* https://openenergy-platform.org/dataedit/view/supply/wind_turbine_library - contains tons of
information on wind turbine types and power curves

* https://www.thewindpower.net/ - country and turbine data, includes maps of known locations per
country and, if known, also turbine type and installed total capacity per wind farm = not free but
check the site source code

Data meteorology:

* renewables.ninja = wind and solar power, via APl weather, pv and wind production data
downloadable based on MERRA2 and for some dates SARAH, up to 2019

* https://power.larc.nasa.gov/data-access-viewer/ = Nasa weather data, similar to renewables.ninja,
nearly real-time. More parameters accessible

e ECMWEF, GFS, ICON, ... NWP forecasts

* For synthetic data: ERA5, MERRA2, COSMO RE, ...

Usefule python libs and notebook:

*  Windpowerlib

«  pyWAKE

* Github e.g. windtools, ..

* Data exploitation SCADA: https://www.kaggle.com/winternguyen/wind-power-curve-modeling

- Check units!
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https://openenergy-platform.org/dataedit/view/supply/wind_turbine_library
https://www.thewindpower.net/
https://power.larc.nasa.gov/data-access-viewer/
https://www.kaggle.com/winternguyen/wind-power-curve-modeling

Thank you for your
attention!

irene.schicker@zamg.ac.at




