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Introdu
tionMotivationAn in
reasing part of ele
tri
ity supply is generated by windWind power 
over about 29% of total system loadRenewables should 
over 50% in 2020 and 100% of total system loadin 2035With the large penetration of wind a

urate fore
asts (in
ludingun
ertainties) are needed on all times
alesminutes - few hour: e�
ient and safe regulation12-36 hour: e�
ient trading on NordPooldays: optimal regulation of large CHPWe fo
us on horizons from 1-48 hours.Møller and Madsen (DTU) EWEA, Rotterdam, 2013 4 / 30



Introdu
tionMethods in useAdaptive time series model, using MET-fore
ast (e.g. WPPT)Regime models (SETAR, STAR, MSAR)Spatio-temporal modelsCombining several MET-fore
astCorre
ted MET ensembles (un
ertainty)Time-adaptive quantile regression (un
ertainty)S
enario based fore
asting (dependen
e stru
ture by 
orrelation matrixor 
opula)Sto
hasti
 di�erential equationsMost methods are implemented in Wind Power Predi
tion Tool (WPPT).Møller and Madsen (DTU) EWEA, Rotterdam, 2013 5 / 30



Introdu
tionWPPT point-fore
astWPPT provide a point fore
ast
p̂t+k|t =

na
∑

i=0

aipt−i + bp̂
pc

t+k|t(MET ) + f(ht+k)where pt is observed power produ
tion, k ∈ [1; 48) predi
tion horizon,
p̂
pc

t+k|t(MET ) is a power 
urve predi
tion and ht+k is time of day.Parameters are estimated adaptivelyWPPT is one af the most widely used fore
asting tools for windpower(worldwide)WPPT point fore
asts are used as input to SDE-modelsMøller and Madsen (DTU) EWEA, Rotterdam, 2013 6 / 30
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DataData
The data set 
over the period from January 1. 2001 to May 2. 2003.Hourly measurements of a
tual power produ
tion48 hour point-fore
ast of power produ
tion (issued at 00h, 06h, 12h,18h)Only sets where all point fore
asts and all measurements arenon-missing are used in this analysis (2593 
omplete sets in total)150 sets are used to train the SDE models

Møller and Madsen (DTU) EWEA, Rotterdam, 2013 9 / 30
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MotivationCorrelation
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MotivationBM 3 - standard deviation and 
orrelation
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SDE-modelsS
opeThe s
ope of the SDE-modelling is to generate 
ovarian
e stru
tures basedon SDE formulations.Given the (
ontinuous time) SDE-formulation
dxt = f(xt, ut,θ)dt+ σ(xt, ut,θ)dwt; x0 givenand the (dis
rete time) observation equation

p = h(x,u,θ) + e; e ∼ N(0,S)where
p ∈ [0, 1]48 is observed power
x = {x1, ..., x48|x0} ∈ [0, 1]48, is the state ve
tor
ut is some input (here predi
ted power)Møller and Madsen (DTU) EWEA, Rotterdam, 2013 14 / 30



SDE-modelsA SDE-formulation for error propagationThe starting point (the Pearson/logisti
 di�usion)
dxt =− θ · (xt − µ)dt+

√

2θaxt · (1− xt)dwt,with µ ∈ (0, 1), a < min(µ, 1− µ).
xt ∈ (0, 1)Di�usion (varian
e) small when xt is 
lose to 0 or 1.Long term average equal µStationary distribution is a beta distribution (with parameters µ

a
and

1−µ
a

)Interdependen
e stru
ture 
ontrolled by θMøller and Madsen (DTU) EWEA, Rotterdam, 2013 15 / 30



SDE-modelsBasi
 modelsThe se
ond order moment representation 
an be solved for a ∈ (0, 2), andwe 
hoose
dxt =− θ · (xt − µ− γ(1− 2xt))dt+ 2

√

θaxt · (1− xt)dwt,with the observation equation given by
y = x+ e; e ∼ N(0,S),where

µ = p̂t|0 (mean)
a = αp̂t|0,i(1− p̂t|0,i) with α ∈ (0, 1) (varian
e)
γ = cp̂t|0,i(1− p̂t|0,i) with c ∈ R+ (bias)Møller and Madsen (DTU) EWEA, Rotterdam, 2013 16 / 30



SDE-modelsResults df l(train) p-value l(test1) l(test2) l(test)BM 2 7 8393 88690 67777 156467BM 3 12 8419 < 0.0001 88692 67853 156546SDE 0 3 8408.4 92376 69222 161598SDE 1 4 8532.4 < 0.0001 94292 70719 165011
SDE0 : No bias
SDE1 : In
luding biasMøller and Madsen (DTU) EWEA, Rotterdam, 2013 17 / 30
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Time varying parametersModelsModel of in
reasing 
omplexity are analysed, s is (an estimated 
onstant)in all models. Non-linear relations are explored by
α(p̂t|0, t) =

1

1 + exp(−α0 − fα(p̂t|0)− gα(t))

θ(p̂t|0, t) =
Kθ

1 + exp(−θ0 − fθ(p̂t|0)− gθ(t))

c(p̂t|0, t) =
Kc

1 + exp(−c0 − fc(p̂t|0)− gc(t))the non-linear fun
tions in f and g are modelled by natural 
ubi
 splines.
Kθ and Kc are used to 
ontrol the range of c and θ, we use(Kθ = Kc = 20).Møller and Madsen (DTU) EWEA, Rotterdam, 2013 19 / 30



Time varying parameters
Standard deviation

p̂t|0

T
im

e 
[h

]

10

20

30

40

0.2 0.4 0.6 0.8

SDE 5

0.2 0.4 0.6 0.8

SDE 6

0.00

0.05

0.10

0.15

0.20

0.25

0.30

Møller and Madsen (DTU) EWEA, Rotterdam, 2013 20 / 30



Time varying parametersEnsemble fore
asts
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Time varying parameters
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Time varying parameters
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Wind Speed ModelsA SDE model for wind speed variability.
We start out with a simple SDE model. Instead of predi
ted power output,the numeri
al weather predi
tion (NWP) is used:

dxt =− θ · (xt −NWPt)dt+ σ · xγt · dwt.As there is not physi
al upper bound for the wind speed as opposed towind power, we 
hoose the di�usion term g(x, t) = σ · xγ .
Møller and Madsen (DTU) EWEA, Rotterdam, 2013 25 / 30



Wind Speed ModelsPredi
tive Density, 1h & 5h
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Wind Speed ModelsIntrodu
ing the derivative of the predi
tion
We now introdu
e the derivative of the NWP with respe
t to time, ˙NWP,to the model:

dxt =(−θ1 · (xt −NWPt) + θ2 · (1− e−xt) · ˙NWP)dt+ σ · xγt · dwt.Here we have introdu
ed the term (1− e−xt) for the model to remainfeasible, as it makes sure that the pro
ess remains in R
+, as the in�uen
eof ˙NWP drops to zero when xt approa
hes zero.

Møller and Madsen (DTU) EWEA, Rotterdam, 2013 27 / 30



Wind Speed ModelsPredi
tive Density, 1h & 5h
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Summary and 
on
lusionSummary and 
on
lusion
We model wind power produ
tion as multivariate Gaussian (possiblyafter some transformation), and fo
us on the 
ovarian
e stru
tureSDEs are used to generate very �exible 
ovarian
e stru
turesThe SDEs model quite 
omplex 
ovarian
e stru
turesEnsemble fore
ast and predi
tion densities (and intervals) are easilyobtained from SDE'sIntrodu
ing the derivative of NWP w.r.t. time, gave largeimprovements in terms of predi
tive densities and time lags.
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