=
]
—

i

From meteorological ensembles to reliable
probabilistic forecasts of wind generation

Pierre Pinson , Henrik Madsen

DTU Informatics, Technical University of Denmark
email: pp@imm.dtu.dkhomepagetmm.dtu.dk/ pp

International Symposium on Forecasting 2008

Invited session: Wind Power Forecasting
Nice, France, June 2008

ISF'08, Nice, June 2008 — p.1/22



Background: forecasting wind generation

Forecasts are commonly provided in the form of point forexc@se. the most likely
outcome for each look-ahead time)
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Several studies have permitted to establish their levetofiacy, depending on
various factors (look-ahead time, terrain charactessttmatology, etc.)
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Background: uncertainty ?

The level of accuracy is highly variable from one predictiorthe other. This makes
that wind power predictions may be somehow hard to handle...
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One cannot make optimal decisions from such forecasts, anformation on their

uncertainty is necessary !!
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Ensemble forecasting: concepts

Ensemble forecasts aim at capturing uncertainties botimemmhalysis and in the
numerical model employed...
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Different types of ensemble forecasts of meteorologicahies can be available as
input to wind power prediction (ECMWF, NCEP, WEPROG)
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Input meteorological ensembles

Meteorological ensembles originates from a multi-parairetion system developed
by WEPROG (75 ensemble members)

Downscaled at the
location of interest

wind speed, di-
rection, and other
meteorological
variables available
at various vertical
levels
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In the present exercise, only wind speed at turbine naasitd (app. 105m a.g.l.) is
used as input...
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Setup for power curve modeling

A unigque power curve for the wind farm, between the best avialmet forecasts and
power measurements

The mean of wind speed ensemble

members as the best input forecast: o :
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The power curve model for each horizon is based on localiiregression, and
adaptively estimated with LS or orthogonal tting methodes

P. Pinson et al. (2008). Local linear regression with adepirthogonal tting for the wind power
application.Statistics and Computind8(1), pp. 59-71
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Conversion of ensembles

At a given timet and for horizork, the wind power forecast given by th® member
IS

(i) — (i)
9t+ kit — /gt;k (kt+ kjt)

while the single point forecast that can extracted from #tefensemble members is
chosen to be its mean, i.e.

1 X0

Jrekie = = e
j =1

Note that other approaches may also be envisaged, i.e.

a power curve model per ensemble member, and for each fofewazon (this
would yield 75*48 power curve models here ')

a more advanced combination scheme for extracting theespaht forecasts
from ensembles
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Application: the case-study

Power measurements:
available raw data are from Y& ebruary 2005 to 25 January 2006
Over 8200 hours, 73.4% of hourly averages are considerealias v
all power values are normalized by the wind farm nominal capa

Meteorological ensembles:
MSPEPS from Weprog, available over the same period
originally issued every 6 hours
slided here in order to simulate real world application fémaeh forecasts may be delivered

every hour...
... and also to increase the size of the dataset !!

Estimation aspects:
the rst 1000 forecast series and related power values arsidered as a batch learning
period
and for decision on optimal forgetting factors
=0:992(LS), and = 0:995 (orthogonal)
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Forecast performance of ensembles
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LS vs. Orthogonally tted power curve models

Comparison both in terms of NMAE and NRMSE of the point forésastracted
from the 2 sets of ensembles
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Power curve models vs. climatology

Comparison of the forecast frequencies when employing theteht tting
methods, and comparison with the power climatology at Horns Re

Deviations are relative to the power climatology
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The wind power ensembles

Ensembles obtained with the Ort. tted power curve modeldyespan the full range
of power values...

but they still are far from being reliable from a probabitgterspective!!
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Our proposal

Transform ensemble forecasts into nonparametric predidistributions
For each horizon, ensemble members are dressed' with kernel
The nal predictive distribution is a weighted combinatiofitbe kernels
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So far, this proposal can already be found in the meteorcédfprecasting literature...
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The rstinnovative aspect

Gaussian kernels are employed...
Their mean is given by the forecast values of the ensembleldaem

Their parameters (i.e. mean and standard deviation) deediby a model (the same
for all ensemble members!), i.e.

G) — o0 1 () (1)
tk —  tk + t;k 1 9t+kjt 9t+kjt
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The model can be summarized by 2 parameters only, whatevauthber of

ensemble members...
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The second original aspect

The model parameters are adaptively estimated
This is done by maximizing the “ignorance score' of presgetiistributions

The “ignorance score' is a measure of skill, i.e. a comprerhetween probabilistic
reliability and resolution
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In more mathematical terms...

The objective function (negative log-likelinood) to be mmezed at timet writes

1 XK

Su ()= — " In(ui()

where
, 2 (0; 1] is the forgetting factor,

ui( ) = Plyij] 1= f’\iji k (Vi) is the likelihood of the measurements given the
probabilistic forecasts

For recursive estimation, one uses:

_ o ue (M oak) - :
hik = TS the information vector

The updating scheme at tim€¢based on Newton-Raphson step) consists of:
Mk = Mokt nLRt;k 1ht;k

— 1
Rt;k - Rt 1:k + n_ht;k ht;k g
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Application results

Out of the 7200 ensemble
forecast series, 1500 are
used as a learning and
cross-validation period

Evaluation is carried out on
the 5700 remaining ones

One needs to:

recursively track 2 model
parameters for each
forecast horizon (total of
86 parameters)
decide on the forgetting
factor that controls
adaptivity (optimal:
=0:996)
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Reliabllity evaluation

Evaluation with reliability diagrams, depicting deviat®from perfect reliability
Climatology-based predictive distributions have perfeaability !!
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Reliability is here signi cantly improved
However, there seems to be a slight systematic probabibsis...
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Overall skill evaluation

Evaluation with the ignorance score, as a function of lob&aal time

(the lower - the better)

Good reference: 0 is for
the uniform predictive
distributions (no
information)

Climatology-based
predictive distributions
are only slightly better
than not uniform ones !!

Ensemble based ones hav
signi cantly higher skill
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High overall skill comes from acceptable reliability + mamzed resolution

Maximum skill is for horizons between 5- and 10-hour ahead
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Final remarks

Conversion of meteorological ensembles to power
the new method for power curve modeling makes it better
but reliability of raw ensembles is still not acceptable

under-dispersivity comes for the meteorological ensemf@enclusion spported by a large
number of paper in the literature)

with more data, the wind direction effect on the power curvélye better studied...

Ensemble-based predictive distributions
the proposed methodology is a very supple framework foh&rrtlevelopments

for the kernels{i) extension of the mean-variance model to higher moméintsither types
of kernels

for the ensemble members: adaptive weighted combination

A last relevant point relates to the comparison of enserbbbed and purely
statistical predictive distributions for Horns Rev
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Thank you for your attention...
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