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Why TSOs need probabilistic wind power forecasts?

e |nstalled wind power capacity increased significantly in Germany over the
last years (2000: 6,057 MW, 2011: 28,600 MW) and will increase further

e (Consequences:
— Critical systems states occur more often
— Redispatch of conventional power plants becomes necessary
— Wind farms have to be disconnected from the grid

e Probabilistic wind power forecasts:

— Allow to assess the range of future system states and make comparisons to
deterministic models

— Help to prepare remedial measures in advance in order to maintain system
security

— Could be the basis for an enhanced OPF 3
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METHODOLOGY
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Required properties of probabilistic wind power forecasts

Spatial resolution

— Grid node level in order to use the spatio-temporal interdependences that is
inherent in weather/wind forecasts

e Temporal resolution

— Depends on the TSO, but at least hourly in order to make use of forecast error’s
autocorrelation

e Time-adapative behavior
— New information should be processed as fast as possible
e Conditional properties
— Use of explanatory variables in order to sharpen the forecast interval
— Forecast uncertainty should be conditional on the look-ahead time
e |nformation content
— Ideally the entire probability distribution function (pdf) 6
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Approaches for probabilistic wind power forecasting

Approach Remarks

Applied to

Spline quantile regression Quantiles may cross

Single wind farm (Nielsen, H. A,
Madsen, H., Nielsen, T. S., 2006)

Fuzzy inference model Allows only for one specific
(Pinson, 2006) power curve

Single wind farm (Pinson and
Kariniotakis, 2010)

Single wind farm (Pinson, Juban and
Kariniotakis, 2006)

Conditional kernel density

estimation (CKDE) Provides complete pdf

Single wind farms (Juban, Siebert, and
Kariniotakis, 2007)

Single wind farms (Bessa et al., 2012)

Single wind farms (Jeon and Taylor,
2012)

- So far, only applications to single wind farms
—>Complete pdf is only provided by (C)KDE
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Kernel density estimation

* Nonparametric method to estimate f(x):
— by counting all observations that fall into the interval [x-h,x+h]
- and weighting them depending on the previously chosen kernel function K

f@) =Tk K@) u=53

» Kernel functions:
— Uniform: 21(juls1)
— Epanechnikov: 2(1-u?)I(Juls1)
- GaUSSian:\’%_exp(—%uz)
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Nadaraya-Watson estimator*

Static estimator
Foolx =y < D) S 1 Kn, (v — Y)Kn, (x — X;)
fx () o1 Kp, (x — X;)
Time-adaptive estimator according to Bessa et al. (2012b)
Mema 0+ (1-2) K (35 "‘) E=3]
Mema+1-DK (1)

Time-adaptive estimator according to Jeon et al. (2011)

CKDE1: fr()X =x) =

TN, AN-ig hy (V=Y)Kp, (x=X;)
TN, AN-iKp (x-X;)

CKDE2: fiylx =x) =

* Sometimes referred to as Rosenblatt estimator
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Quantile-copula estimator

Static estimator (Faugeras, 2009)

fOIX =x) = fO)ewv)

) = gD K, (SERD) ,, (EE02)

u=Fy(x),v=F(y

10
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Quantile-copula estimator

Time-adaptive estimator (Bessa et al., 2012b)
CKDE3:
f@IX =x) = () (u,v)
@) =1 () +—K (y,_,—y")
é:(u, v) = 261 (1, v) + [Khx (ﬂﬂ‘fﬁI2 K (ﬂf’ﬁﬂ)]

0<1<1

11
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CASE STUDY
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Data

e Grid and wind farms:
— >5700 wind farms accounting for 27 GW installed capacity in Germany
— All German transmission grid nodes included

e Time frame:
— Training data set (in-sample): July 2011 — April 2012 (10 months)
— Evaluation data set (out-sample): May 2012

e [orecasts:

— Hourly values from an European-wide NWP model with a spatial resolution of
7km

— > 230 weather station measurements provided by the German weather service

— Basic W2P model with randomly assigned power curves depending on the rated
power, if the exact power curve was unknown (56 %)

13
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Case study data

Grid node of interest (y)

—400.38 MW installed wind power
capacity

Grid node that is used within the set
of explanatory variables (x)

- 743.19 MW installed wind power
capacity

14
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RESULTS
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Example

160 |

140

—

N

(=)
I

—

]

o
I

(o)}
o
I

Wind power in-feed in MW
5 S
I I

.
O
I

Time in h

16



UNIVERSITAT

DUISBURG Chair for ManagementScien'ce
ESSEN and Energy Economics
Prof. Dr. Christoph Weber

Forecast error

Mean=20.22 MW, SD=29.82 MW
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Conditional pdf
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Reliability

Calculates the bias between the estimated quantile and the realizations within a evaluation set

Biasin %

l

—a—CKDE1
—=—CKDE2
—=—CKDE3

antile covered
rvations within

the evaluatio

Estimated 70 % quantile covered
70.4 % of all observations.within
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Nominal proportion rate in %
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Sharpness and Resolution

Provides information about the average interval length = Important for operational issues
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Skill Score

Combines reliability and sharpness indicators, so that 0 would be a perfect forecast
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Sharpness and Resolution (2)

Provides information about the average interval length = Important for operational issues
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Skill Score

Combines reliability and sharpness indicators, so that 0 would be a perfect forecast
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Conclusions and further research

Conclusion:

*CKDE is able to provide useful additional information for the TSO
e|ncluding information from nearby grid nodes narrows the forecast interval
eThe method requires only point forecasts of surrounding wind farms

Next steps:

eTest the additional value of integrating more grid nodes in the set of
explanatory variables

eFind estimation methods that can handle large data sets and explanatory
variables

24
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Thank you for your attention



UNIVERSITAT _ '
Chair for Management Science

nlE uS ISSEENU oL and Energy Economics

Prof. Dr. Christoph Weber

REFERENCES



UMIVERSITAT

DUISBURG Chair for ManagementScienpe
ESSEN and Energy Economics
Prof. Dr. Christoph Weber

References (1/2)

Bessa, R. J., Miranda, V., Botterud, A., Zhou, Z., Wang, J. (2012). Time-adaptive quantile-copula for
wind power probabilistic forecasting. Renewable Energy, 40(1), 29-39.

Bessa, R., Miranda, V., Botterud, A., Wang, J., & Constantinescu, E. M. (2012). Time adaptive
conditional kernel density estimation for wind power forecasting. IEEE Transactions on Sustainable
Energy, 3(4), 660-669.

Faugeras, O. P. (2009). A quantile-copula approach to conditional density estimation. Journal of
Multivariate Analysis, 100(9), 2083-2099.

Hardle, W. K., Mdller, M., Sperlich, S., & Werwatz, A. (2004). Nonparametric and semiparametric
models, Springer.

Jeon, J., Taylor, J. W., & House, H. (2011). Using conditional kernel density estimation for wind

power density forecasting. Journal of the American Statistical Association, 107, 66-79
27



UMIVERSITAT

DUISBURG Chair for ManagementScienpe
ESSEN and Energy Economics
Prof. Dr. Christoph Weber

References (2/2)

Nielsen, H. A., Madsen, H., Nielsen, T. S. (2006). Using quantile regression to extend an existing wind
power forecasting system with probabilistic forecasts. Wind Energy, 9(1-2), 95-108.

Juban, J., Siebert, N., Kariniotakis, G. N. (2007). Probabilistic short-term wind power fore-casting for
the optimal management of wind generation. Power Tech, 2007 IEEE Lausanne, pp. 683-688.

Pinson, P. (2006). Estimation of the uncertainty in wind power forecasting. Ph.D. thesis, Ecole des
Mines de Paris, Paris, France.

Pinson, P., Juban, J., Kariniotakis, G. (2006). On the Quality and Value of Probabilistic Forecasts of
Wind Generation. 9th International Conference on Probabilistic Methods Applied to Power Systems
KTH, Stockholm, Sweden.

Pinson, P., Kariniotakis, G. (2010). Conditional prediction intervals of wind power generation. Power

Systems, |IEEE Transactions on, 25(4), 1845-1856.
28



UNIVERSITAT _ '
Chair for Management Science

nlE uS ISSEENU oL and Energy Economics

Prof. Dr. Christoph Weber

APPENDIX



UNIVERSITAT _ _
Chair for Management Science

nlE uS ISSEENU oL and Energy Economics

Prof. Dr. Christoph Weber

Bandwidth selection

Least squares cross-validation (CV) minimizes the integrated square error
(ISE):
1. One-dimensional case

CV(h) = %ZZK*K(’“;X‘) T 1)2;&,0« - X;)

2. Multi-dimensional case

1 i 2
CVH) = et Z Z,: K« K™ (X = X)) = s Z ; Ku(X, — X))

(Hérdle, 2004) 30



