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® In the past year, wind energy constituted roughly 30% of the total electricity production of Skill Verification Metrics
Germany, reaching roughly 140 TWh, ahead of all other sources of energy, conventional or | | o | | B
renewable’ ®  Anomaly Correlation Coeffecient (Deterministic metric): Pearson correlation coefficient between
m Seasonal forecasts are dynamic, and their predictability arises due to the boundary conditions the mean forecasted anomalies of the ensemble mean and the reanalysis anomalies
derived from slowly changing climate variables like soil moisture, snow cover, sea-ice, and ocean ® Fair Ranked Probability Skill Score (Probabilistic metric): Ranked Probability Skill Score (RPSS) is
temperatures?.

| | - the sum of squared differences between the forecasted and reanalysis cumulative probabilities
m Skillful seasonal energy forecasts enhance short-term forecasts by enabling proactive risk

. . . . of three events: ‘below normal’, ‘normal’ and ‘above normal’ energy output3. Fair RPSS makes
management for traders and grid operators and supporting strategic resource planning.

= Skill for energy forecasts has only been shown for selected regions and/or seasons in literature. the score independent of the ensemble size>.
This work presents a systematic skill analysis of seasonal wind energy hindcasts for Germany. B Mismatch (Probabilistic metric): Quantifies if the ensemble spread (Standard Deviation) matches
the mean displacement of the ensemble mean from the reanalysis (Root Mean Squared Error)®.
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Preparing the Wind Power Forecasts o
Preprocessing the climate forecasts and baseline 0o
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B Ensemble Hindcasts (1990-2020) are taken from the German Climate Forecasting System (GCFS)
0.00
Version 2.13 and delivered as an ensemble of 30 members. Forecasts are initialized each month e

and run six months into the future.

B Reanalysis dataset from ERA5% offered as part of the Copernicus Climate Change Service (C3S) is
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used to validate the seasonal hindcasts. 100

Converting the wind speeds to power ~1.25 '
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B 10m wind speeds from hindcasts and reanalysis are converted to power using a power curve SR RSN R O S S N R\ Lead Months
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Adjusting the spatial and temporal resolution Figure 3

= \Wind speeds are extrapolated to hub height using a power law and used as inputs for the The three metrics are plotted w.r.t target seasons (right) and lead months (left). Only those lead months for which the

_ . target season lies in extended winter are shown in the right plot as summer seasons do not show statistically
power curve. The instantaneous powers thus obtained are aggregated over a three month

significant skills. All regional curves correspond to subsampled ensemble. The skills calculated using the full ensemble
period to give total seasonal energy output at each location. for Germany (grey curve) are typically inferior. The nature of data makes significance estimation difficult as shown by

®m  Anomalies are calculated individually for hindcasts and reanalysis by subtracting the lead-time varying results from two tests. Critical threshold (7)) above which correlations are significant was determined using

, _ the parametric t-test. Additionally, the statistically insignificant skills with the jackknife test are marked with circles.
dependent (for hindcasts) climatology from the absolute values.

Key Takeaways

Subsampling

Subsampling increases the skill significantly for winter season.

Circulation indices calculated from each ensemble member are compared to those from

statistical predictions, and only the members whose indices correspond to the predictions Winter season also shows the strongest interannual variability (Figure 2)

are selected in the subsampling procedure’ (see Figure 1). Skill gain in winter and north Germany is likely driven by prevailing large scale circulations.

Dependence of skills on target season is much stronger than that on lead months. Skill

.30 ey increases slightly for lead months 2-5 when compared with the lead months 1-3 and 4-6.
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§ 25 gdre o = A robust significance estimation is challenging due to the nature of the data.

T Inter-annual(1990-2020) standard deviation

‘_§ 20 in simulated energy production, plotted as Future Developments
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S 10 correspond to different regions, as defined in = Develop Al models to calibrate forecasts and integrate teleconnections more explicitly

figure 3. South Germany and winter seasons
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Target Season = |ntegrate seasonal forecasts into a seamless forecast product

(might be challenging due to data requirements).

(ranging from hours to seasons) at a wind park level.
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