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Fig. 8 Downscaled scenario with exiting wind 
farm wakes as of July 2020 using the FRS method.
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Statistical-dynamical downscaling (SDDS) of wind can be used for resource
assessment to save computational costs. Thereby, the long-term 30-year wind
statistic is represented by simulating a shorter representative period. Due to
the reduced costs, scenario evaluation with wind farm wakes becomes
feasible.

Different SDDS methods (Fig 2) have been proposed as derived from a
systematic literature research on 04.05.2022 in WoS using
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Fig. 1 ERA 5 Reanalysis at 100m for 1989-2018

Fig. 3 Measured time series of wind speed at Heligoland and sampled days: Fully random sample (orange), representative year (green).

Fig. 2 Results from the systematic literature review on “statistical 
dynamical downscaling for wind energy” in Web of Science on 
04.05.2022

Annual probability distributions of wind speed
(WS), wind direction (WD) and stability (STAB)
are compared against a climatologically
representative 30-year average probability
distribution using the Earth Mover’s Distance
(𝐸𝑀𝐷, [3], [4]) distance measure.

A commonly chosen analogy is to compare the
two distributions as piles of dirt, where the 𝐸𝑀𝐷
describes the minimum amount of work (moving
a unit of dirt by a unit of ground distance)
needed to transform one pile into the other.

Averaged over a sample of locations over a
region of interest, the individual years are ranked
based on their performance (low 𝐸𝑀𝐷) for each
variable (Fig. 6). Via variable-weighted average of
the ranks, a representative year (Fig. 3) can be
derived based on the relative importance
assigned to WS, WD and STAB for a given
application. Data in Fig. 6 is based on ERA5
model data.

Discussion

To methods for SDDS are presented in detail: While the FRS reduces the computational costs the most (180 days), the RY method can capture seasonal differences. The RY method can also indicate,
how represenatative for the long-term climate a certain year is, which can be applied for a 1-year measurement campaign or SCADA-based analysis. A multiple location, multiple variable approach
is recommended to ensure that all relevant parameters are captured. Different metrics, here 𝑃𝑆𝑆 and 𝐸𝑀𝐷, are useful to be tested.

To be able to use these methods “out-of-the-box” globally, we will make a tool publically available that where the different methods can be applied using ERA5 reanalysis.

Fig. 9 Downscaled scenario for future wind farms (10 MW/km²) 
using the RY method
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Fig. 7 SDDS result for 𝑊𝑆100 from the FRS 
method based on 172 representative days. 

Probability distributions of wind speed (WS10,WS100 ),
wind direction (WD10,WD100) and wave direction (𝜃𝑝)

and height (𝐻𝑠) from randomly sampled days (Fig. 3) are
compared against 30-year average probability distribution
(Fig. 4a) using the Perkins Skill Score [1,2]. The 𝑃𝑆𝑆 is the
minimum value of two distributions in each bin and
approaches 1 for a perfect match.

Summing up over 24 locations and many re-samples shows
that 180 days provide a near perfect representativity for
the wind (Fig. 4b) and wave climate (Fig 4c) in the German
Bight.

Spatial representativity of the measurement-derived
sample is evaluated using ERA5 (Fig. 4c). 2-d
representativity (Fig. 5) is also checked by a projected 𝑃𝑆𝑆.

TS = ( statistical dynamical AND downscaling AND
(wind OR Power))

They differ in the spatial and
temporal representativity, as
well as in the number of
considered variables. From
the set of possible methods
for statistical dynamical
downscaling, the random
sampling and representative

year method are
described in more

detail.

Simulating the representative days using
WRF, shows that the 30-year average
wind climate (Fig. 1) is well captured
with the SDDS result (Fig. 7), but smaller
scale features are better resolved.

Including the wind farm in a scenario
(Fig. 8), shows that wind speeds are
reduced around the farm and a
continuous wind deficit area connects
the existing farms already today,
indicating that they act as a wind farm
cluster [1].

In the future (Fig. 9) even larger
areas will be affected and
larger reductions are
simulated. Nevertheless, an
efficiency of 67 % can be
achieved using a density of 10
MW/km² [5].

These studies [1,5] show the
potential of the SDDS method
for cost-effective resource
assessment accounting for
wind farm wake effects.
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Fig. 6 Ranking of calendar years based on the average 
earth mover's distance (𝐸𝑀𝐷) between the probability
distribution of wind speed (WS), wind direction (WD) and 
stability (STAB) within a calendar year and the 
climatological distribution based on a 30-year average. 
Averages are based on 10 points in the southern North 
Sea area. The average 𝐸𝑀𝐷 for WS (in m/s), WD (in 
degrees) and STAB (dimensionless) is stated in brackets

- d y n a m i c a l D o w n s c a l i n g

Fig. 4 (a) Example frequency distributions 
for 𝑊𝑆10 for Heligoland and (b) for all 
locations and different re-samples. (c) 
Spatial representativity of sampled 
significant wave heights compared to ERA5.
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Fig. 5 Evaluation of 2-d representativity of WS and WD.
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