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2.4 Courbes stochastiques

Figure 2.3 � La probabilité de densité de la puissance conditionnellement à la vitesse est représentée à
gauche avec en abscisse la vitesse et en ordonnée la puissance. A droite, est tracée la fonction de répartition
conditionnelle. La courbe de puissance théorique est représentée en noir.

grande proportion des données. La courbe est donc beaucoup moins précise au delà de 20m/s et est très
dépendante de l'ensemble d'apprentissage choisi.

2.4.2 Algorithme de conversion

La courbe de puissance stochastique a donc été créée à partir d'un jeu de données dans lequel la puis-
sance nominale était identique pour toutes les éoliennes. Ainsi, en normalisant la puissance de l'échantillon
d'apprentissage, on peut créer une courbe de puissance utilisable quel que soit le type d'éolienne.

Pour transformer les vitesses de vent simulées, on utilise la fonction de répartition empirique FP |V=v

calculée pour v ∈ [0; 25], présentée sur la partie droite de la Figure 2.3. Pour une vitesse de vent donnée,
la fonction de répartition de (P |V = v) est déterminée en sélectionnant celle correspondant à cette vitesse
v, c'est-à-dire une colonne de la matrice représentée sur la Figure 2.3. On applique ensuite l'inverse de la
fonction de répartition F−1[P |V=v] à un tirage de la loi uniforme entre 0 et 1 pour déterminer une réalisation
de la loi de la puissance sachant la vitesse v. La méthode de conversion est donné par l'algorithme 2.

Algorithme 2. Conversion en puissance

Arguments : la vitesse v à convertir, F la matrice de FP |V=v pour v ∈
[0; 25], w le vecteur des vitesses correspondantes aux colonnes de F et p le
vecteur des puissances correspondantes aux lignes de F.

1. Sélection des deux colonnes, j et j+1, de F telles que wj 6 v 6 wj+1.

2. Tirage aléatoire uniforme entre 0 et 1 d'une variable u.

3. Choix de i tel que Fi,j est le plus proche de u×max(F.,j) et de i′ tel
que Fi′,j+1 est le plus proche de u×max(F.,j+1).

4. Calcul de la puissance comme interpolation linéaire des deux valeurs
Fi,j et Fi′,j+1.

14
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Transformation to have gaussian marginal

ẑ
(j)
t+k|t = F̂t+k|t

−1
(

Φ(x
(j)
t+k)

)
, j = 1, . . . , J, k = 0, . . . ,K

(with Φ probit function, F̂t+k|t estimated)
Gaussian copula with covariance structure e.g.

cov(Xt+k1 ,Xt+k2 ) = exp

(
−|k1 − k2|

ν

)
, 0 ≤ k1, k2 ≤ K
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Figure : Example sets of
time trajectories (51) of wind
power production, based on
(i) the ensemble-based
method (bottom), (ii) the
Gaussian copula method with
range parameter ν = 7
(middle) and ν = 1 (top).
All three sets have the same
marginal predictive
distributions.
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Formally

Zt = (Yt+k)k=1,...,K

R.V whose distribution is to
be predicted

ẑ
(j)
t = [ŷ

(j)
t+1|t , ŷ

(j)
t+2|t , . . . , ŷ

(j)
t+K |t ]

the jth time trajectory
j = 1, . . . , J.
Question : How to evaluate
the quality of the generated
scenarios ?
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Figure : Probabilistic reliability of the three sets of short-term scenarios
of wind power generation as evaluated by rank histograms. These
results are for (i) the ensemble-based method (left), (ii) the Gaussian
copula method with range parameter ν = 1 (middle) and ν = 7 (right).
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Figure : Probabilistic reliability of the three sets of short-term scenarios
of wind power generation as evaluated by multivariate rank histograms
(here based on Minimum Spanning Trees). These results are for (i) the
ensemble-based method (left), (ii) the Gaussian copula method with
range parameter ν = 1 (middle) and ν = 7 (right).

One can discard the unrealistic temporal structure for ν = 1 but it
is difficult to sort the other two.
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Energy score

Est =
1

J

J∑
j=1

‖zt,K − ẑ
(j)
t,K‖2 −

1

2J2

J∑
i=1

J∑
j=1

‖ẑ(i)
t,K − ẑ

(j)
t,K‖2

where ‖.‖2 is the K -dimensional l2 norm.

Method Energy score Es (st. dev.)
Gaussian copula (ν = 1) 1.164 (0.014)
Gaussian copula (ν = 7) 1.146 (0.014)

Ensemble-based 1.130 (0.014)
Ensemble-based (non-recalibrated) 1.165 (0.014)

Table : Energy score for the various types of time trajectories. The
standard deviation of the mean Energy score estimator is also given
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Alternative energy scores

ES
(d,q)
t =

1

J

J∑
j=1

||∇d(zt,K−ẑ(j)
t,K )||q−

1

2J2

J∑
i=1

J∑
j=1

||∇d(ẑ
(i)
t,K−ẑ

(j)
t,K )||q

Table : Energy score Es(d , q) for the various types of time trajectories
with different smoothness norms. The parameters (d , q) are such that
d ∈ {0, 1, 2} and q ∈ {0, 1,∞}. The standard deviation of the mean
Energy score estimator is also given, between brackets.

Gaussian copula (ν = 1) Gaussian copula (ν = 7) Ensemble-based

Es(0,1) 7.804 (0.112) 7.822 (0.112) 7.658 (0.112)

Es(1,1) 4.842 (0.059) 3.869 (0.056) 3.799 (0.058)

Es(2,1) 7.542 (0.084) 5.486 (0.087) 5.381 (0.087)

Es(0,2) 1.164 (0.015) 1.149 (0.015) 1.130 (0.015)

Es(1,2) 0.771 (0.007) 0.613 (0.008) 0.603 (0.009)

Es(2,2) 1.183 (0.011) 0.871 (0.013) 0.856 (0.013)

Es(0,∞) 0.744 (0.005) 0.686 (0.004) 0.650 (0.004)

Es(1,∞) 0.738 (0.005) 0.486 (0.004) 0.452 (0.004)

Es(2,∞) 1.177 (0.008) 0.696 (0.006) 0.646 (0.005)

Reference: ?.
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Event based verification: horizon wise

I Idea 1: for any horizon h and time t define a well chose
event, example of event : variation of production.

g(zt ;k,h,ξ)=1{(maxi∈{k−h/2,...,k+h/2} zt [i ]−mini∈{k−h/2,...,k+h/2} zt [i ])≥ξ}

I transform it into a probability forecast with the scenarios:

Pt [g(zt ;θ)] =
1

J

J∑
j=1

g(ẑ
(j)
t ;θ)

I different way to evaluate the forecast probability e.g. Brier
Score:

Bs =
1

T

T∑
t=1

(
Pt [g(zt ;θ)]− g(zt ;θ)

)2
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Figure : Event-based verification of time trajectories, for the
maximum-gradient type of events. Different values of the window
length h and of the threshold ξ are considered. Left: event n◦1 - h = 3,
ξ = 0.2, right: event n◦2 - h = 6, ξ = 0.2
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Figure : Event-based verification of time trajectories, for the
maximum-gradient type of events. Different values of the window
length h and of the threshold ξ are considered. Left: event n◦3 -
h = 12, ξ = 0.4, right: event n◦4 - h = 12, ξ = 0.5
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Event based verification: horizon wise
I One can decompose the Brier score into reliability and

resolution
I Both have the same resolution (i.e. ability to forcast different

probabilities for different situations) but not the same
reliability
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Figure : Decomposition of the Brier score into its two component for
the event n◦4 - h = 12, ξ = 0.5
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Event based verification: temporal calibration
I Idea 2: evaluate the temporal calibration of the occurrence of

a well chosen ”temporal” event
I Different way to define the event and the evalu e.g. the

filtered signal exceed a threshold

12 

Dans celle de traitement du signal : un lissage est effectué 

DOB 

FDG 

Quelle mesure pour la détection des rampes ? 

         Difference Of Boxes (Prewitt 1970)   
 
 

 
 

 
 

        First Derivative of Gaussian  
            (Basu 2002) 

 
 
 

    

DOB 

FDG 
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Event based verification: temporal calibration
I Here ECMWF ensemble used to make a forecast of temporal

uncertainty around the timing of ramp events
I ECMWF ensembles are not naturally temporally calibrated.
I A calibration procedure has been proposed. Paper : A.

Bossavy, R. Girard, G. Kariniotakis. Forecasting Ramps of
Wind Power Production with Numerical Weather Prediction
Ensembles - Wind Energy 2013.
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Conclusion and further work

I Verification tools for scenario evaluation was proposed

I A simple exemple illustrates the interest of the different
existing tools

I One can often find a metrics that will be in favor of a given
procedure

I Event based verification spatio-temporal generalisation

I Relation between score and parameter estimation procedure
for a well chosen model

I Confidence intervals on the different metrics

I Adaptive procedures and testing procedures

I Theoretical analysis of the separation power of different tests
for defined class (minimax test, ... )
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Thanks for your attention ! Questions ?

Most of this presentation is taken from a paper with the same
name published in Applied Energy in 2012.
If you have further questions, if you want to discuss further, If you
are interested in collaborating on a subject, . . . feel free to contact
me robin.girard@mines-paristech.fr.
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