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Abstract—The integration of renewable energy sources such
as wind power into the electrical grid presents unique challenges
due to their intermittent and stochastic nature. To address these
challenges, this study presents a methodology for generating tur-
bulent wind profiles with high temporal resolution by combining
low-resolution reanalysis weather models with high-resolution
spectral wind models. The generated profiles serve as inputs
for dynamic generator models of wind turbines, enabling more
accurate simulation of their operational behavior. The proposed
methodology is demonstrated using the Copernicus European Re-
gional ReAnalysis (CERRA) dataset combined with the National
Renewable Energy Laboratory’s (NREL) TurbSim spectral wind
model. The resulting turbulent wind profiles provide improved
fidelity in capturing wind generation dynamics, leading to more
realistic simulations. A case study comparing the impact of
linearly interpolated and turbulent wind profiles on the wind
turbine performance is presented, showcasing the potential of
the methodology for grid stability and energy storage planning.

Index Terms—dynamic simulation, wind generation, reanalysis
weather models, spectral wind models

I. INTRODUCTION

The transition to renewable energy sources is reshaping
global energy systems. Wind energy, in particular, has be-
come a key component of the energy mix. However, accurate
modeling of Wind Turbine Generators (WTGs) requires high-
resolution power generation data, which is often unavailable.
This paper introduces a novel approach to generating realistic
high-resolution wind profiles by integrating reanalysis weather
models with spectral wind models as input data for dynamic
WTG models. The motivation for this work lies in the need
for improved WTG models, which play a crucial role in
applications such as grid integration and stability studies.
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Fig. 1: Overview diagram of the proposed methodology, apply-
ing a parameter translation between CERRA weather model
[1] and TurbSim wind model [2] to generate dynamic wind
profiles suitable for EMT and RMS simulations.

Real and representative generation profiles of WTGs are
often not publicly available due to confidentiality restrictions
of WTG manufacturers and/or operators. To overcome this
issue, researchers can draw upon weather models to predict
weather conditions that directly influence the generation of
WTGs. Such weather models are for example the Copernicus
European Regional ReAnalysis (CERRA) [1] model, which
this paper focuses on, with a spatial resolution of 5.5x5.5 km
and temporal resolution of one hour. The problem of using
such weather data directly as the input to WTG models lies
in the low temporal resolution of such datasets. These models



offer mean and maximum wind speed values over specified
time intervals. However, wind as a fluid dynamic flow exhibits
significant instability, leading to phenomena such as wind
gusts and lulls that fluctuate on finer timescales around the
average wind speed.

Consider an exemplary scenario where the average wind
speed of the weather model is 5 m/s over one hour. One
possible unsteady wind speed profile might have a wind speed
of 8 m/s for the first 30 minutes and 2 m/s for the next
30 minutes, yielding an hourly average of 5 m/s. Another
possible steady profile maintains a constant wind speed of
5 m/s for the entire hour.

The energy generated by these profiles is compared using
the power curve of a representative 2 MW class wind turbine.
At 8 m/s, the turbine output is around 850 kW, so over
30 minutes it produces 425 kWh. However, at 2 m/s — below
the cut-in speed — no energy is produced in the second half-
hour, resulting in a total of 425 kWh for the full hour. In
contrast, a steady 5 m/s wind speed corresponds to about
200 kW, yielding 200 kWh over the full hour. Despite both
profiles having the same average wind speed of 5 m/s, the
unsteady profile produces more than twice as much energy.

The reason for the discrepancy between unsteady and steady
wind profiles lies in the nonlinear power curve of WTGs. In
general, the power output P of a WTG can be approximated
by the following piecewise function [3],

P (v) =



0, v < vci,

1
2 Cp ρAv3, vci ≤ v < vr,

Prated, vr ≤ v ≤ vco,

0, v > vco,

(1)

where v is the wind speed in m/s, vci, vr, and vco are
the cut-in, rated and cut-out wind speeds. The dimensionless
aerodynamic power coefficient Cp for modern WTGs often
approaches 0.5, which is near the theoretical Betz limit of
approximately 0.59. Further, ρ is the air density in kg/m3, and
A is the swept rotor area (defined by the rotor diameter) in
m2. Below the cut-in speed (v < vci), the turbine produces
no power. Between cut-in and rated speeds, power increases
cubically with wind speed. From the rated speed up to the
cut-out speed (v ≤ vco), the turbine generates a constant
rated power Prated and above the cut-out speed, it again
produces no power for safety reasons. Notably, averaging
wind speed linearly — as it is done in the calculation of
mean wind speeds — does not capture the cubic influence
on power, so short periods of higher wind speeds (gusts)
can yield disproportionately large energy outputs compared to
longer periods of moderate wind speeds, leading to significant
discrepancies if only mean wind speeds are considered as also
observed in the example given in Table I.

Beyond the differences in total energy output, the profiles
have important implications for grid integration. In the ex-
ample a constant 5 m/s profile can sustain a 200 kW load

continuously without additional storage, whereas the unsteady
profile would over-generate in the first 30 minutes and under-
generate in the last 30 minutes, requiring an energy storage
system to smoothen supply. 1

TABLE I: Comparison of two simple wind speed profiles and
the resulting difference in energy production

Profile Time Wind Speed WTG Power Energy
(min) (m/s) (kW) (kWh)

Profile 1 (unsteady) 30 8 850 425
30 2 0 0

Total 425
Profile 2 (steady) 60 5 200 200

Total 200
Note: Both profiles have a 1-hr mean wind speed of 5 m/s, yet produce
different total energy. The values are chosen exemplary for a 2 MW class
WTG.

A third implication arises from the dynamics of WTG itself.
The aerodynamic power coefficient Cp is dependent on the tip-
speed ratio λ, characterized by typical λ− Cp−curves, which
indicate that each turbine has an optimal tip-speed ratio λ,
where Cp is maximized, allowing for the highest aerodynamic
efficiency [3]. Maintaining this optimal ratio is crucial for
maximizing power extraction, and it is the primary objective
of Maximum Power Tracking (MPT) controller. The dynamic
of this controller is limited due to the rotational inertia of the
rotor which must be accelerated or de-accelerated to achieve
the new optimal tip-speed ratio λ. Additionally, also the pitch
angle adjustment speed is limited by mechanical constraints.
This makes the dynamics of this control loop slower than
typical wind gusts and causes the extracted energy to be below
the theoretic maximum for steady wind speeds as described
by Tang et al. [4].

Contribution: Our contribution to this field is to combine
data from weather models with high-resolution spectral wind
models to address the limitations of low temporal resolution
datasets and capture the dynamic behavior of wind fluc-
tuations more accurately. By integrating reanalysis weather
models such as the Copernicus European Regional ReAnalysis
(CERRA) with spectral wind simulation tools like NREL’s
TurbSim [2], we generate synthetic wind speed profiles that
better represent the inherent variability of wind conditions at
finer timescales. This approach allows for improved modeling
of the dynamic response of WTGs, enabling more precise
assessments of power fluctuations, grid stability, and storage
requirements. By applying our proposed methodology, plausi-
ble generation models can be synthesized for generic locations
as illustrated in Figure 1.

The proposed methodology is validated by a case study that
evaluates the impact of different temporal resolutions on wind
turbine performance. The study highlights how turbulent wind
profiles improve the accuracy of power output simulations
and enable better estimation of energy storage needs for grid
integration.

1Though illustrated on wind energy, similar implications apply to solar
irradiance modeling for PV production, especially when evaluating self-
sufficiency in buildings or off-grid systems.



II. RELATED WORK

The modeling of wind generation variability is crucial for
power system planning and stability analysis. Various methods
have been explored to address the challenge of capturing wind
speed fluctuations at different temporal and spatial scales,
including stochastic simulations and meteorological reanalysis
techniques.

The study by Olauson et al. [5] presents a hybrid approach
to simulate intra-hourly wind power fluctuations by combining
hourly meteorological model outputs with stochastic models of
wind power generation derived in the frequency domain from
measured power fluctuations. While this approach effectively
captures aggregated wind power fluctuations at a regional
level, it is not well-suited for representing the fluctuations
of individual wind turbine generators (WTGs), which ex-
hibit unique dynamic responses to varying wind conditions.
Similar, Koivisto et al. [6] proposed a methodology that
combines meteorological reanalysis data with stochastic sim-
ulations to model wind generation variability. Their approach
utilizes the CorRES tool, which integrates reanalysis data
from the Weather Research and Forecasting (WRF) model
with stochastic simulation to account for high-frequency wind
fluctuations. While their methodology effectively improves
temporal resolution and models short-term fluctuations, it
also primarily focuses on large-scale regional aggregation and
does not explicitly consider the dynamic response of single
WTGs. In contrast, our approach extends those works by
incorporating high-resolution synthetic wind profiles as inputs
to dynamic WTG models, enabling accurate assessment of
power fluctuations at the individual wind turbine level.

Zárate-Miñano et al. [7] introduced new wind speed models
based on stochastic differential equations (SDEs) assuming a
Ornstein–Uhlenbeck process. These models effectively capture
short-term wind variability while maintaining the statistical
properties of wind speed. However, they furthermore assume
stationarity and lack consideration of long-term seasonal vari-
ations. Our method addresses these limitations by integrating
reanalysis data to capture long-term trends and supplementing
them with spectral wind models for high-frequency fluctua-
tions.

In summary, while previous research has contributed valu-
able methods for wind speed modeling or generation modeling
on the regional level, our approach advances the field by
combining reanalysis weather data with spectral wind models
and explicitly incorporating individual dynamic WTG models.

III. METHODS

A. Modeling of dynamic WTG generation profiles

The methodology consists of three key components as illus-
trated in Figure 1. First, reanalysis weather data (1) provides
a baseline representation of large-scale wind patterns with
relatively coarse temporal resolution. These datasets capture
the long-term climatology and synoptic-scale weather patterns
but lack the ability to resolve short-term variations crucial
for dynamic turbine simulations. Second, a spectral wind

model (2) is applied to synthetically generate high-frequency
wind fluctuations that reflect the turbulent nature of wind. As a
third component these synthetic high-resolution wind profiles
are feed into WTG models (3) to consider the dynamic of
the WTG itself. This combination enhances the accuracy of
WTG simulations by bridging the gap between low-resolution
climate models and the fast dynamics of turbine operations.

1) Weather Model: The first step involves acquiring hourly
wind speed and gust data for a desired location from the
CERRA reanalysis dataset. CERRA provides wind speed
values at multiple heights, with the 100 m level being selected
as it is close to the hub height of WTGs, on a spatial resolution
of 5.5 km x 5.5 km.

To adapt the CERRA data for use in the subsequent spectral
wind model, a parameter translation is required. First, the
mean wind speed is extrapolated to the specific hub height
using the well-established power law [3], [8],

u(z) = u(zref )

(
z

zref

)α

, (2)

where u(z) is the wind speed in m/s at height z and u(zref )
is the wind speed at reference height zref , equal to 100 m for
the data obtained from the CERRA dataset, α is the dimension-
less power law exponent and empirically determined. A typical
assumption for α is 0.143 (equivalent to 1/7), which provides
a practical approximation for neutral atmospheric stability as
recommended by the IEC61400 standard [9].

Secondly, the spectral wind model requires the turbulence
intensity TI at hub height as an input. The turbulence intensity
can be derived from the available gust speed data, which
represents the highest wind speed during a 1-hour period.

The connecting link between turbulence intensity and gust
wind speed is the gust factor G which can be derived in two
ways. First, it expresses the ratio between the gust wind speed
and the mean wind speed by [8],

G(z) =
ugust(z)

umean(z)
. (3)

Alternatively, it is defined as a statistical property via the
turbulence intensity over [9],

G(z) = 1 + aTI(z)b ln

(
T

tg

)
, (4)

where a and b are empirical constants obtained from field
measurements. The averaging period T represents the interval
over which the mean wind speed is calculated (1 h or 3600 s),
and tg is the gust duration of 3 seconds, as defined by
the CERRA dataset. This link between Equation (3) and
Equation (4) allows to calculate the turbulence intensity TI
as

TI(z) =

 ugust(z)
umean(z)

− 1

a ln
(

T
tg

)
1/b

. (5)

For the parameters we choose a = 0.50 and b = 1.00, as
suggested by Ishizaki [10].



2) Spectral Wind Model: The turbulent wind profile gen-
eration is performed using the NREL TurbSim software [2].
TurbSim is an established tool, commonly used also in the
certification process of WTGs, and generates spatially and
temporally correlated turbulent wind fields based on the fol-
lowing key input parameters:

• Mean wind speed at hub height – derived from CERRA
data using the power law as given by Equation (2)

• Turbulence intensity – estimated from CERRA wind gust
data by Equation (5)

• Spectral Model – IEC Kaimal to ensure realistic repre-
sentation of wind turbulence [2]

• Wind field dimensions matching rotor diameter
• Simulation period and time step
To reduce the effect of parameter jumps given to the spectral

wind model, the hourly input data is first linearly interpolated
at 5 minute intervals. For those intervals a dynamic wind
profile is then calculated by TurbSim.

3) Dynamic Wind Turbine Models: The generated wind
profiles with higher temporal resolution are used as inputs
to dynamic WTG models implemented in DIgSILENT Pow-
erFactory. Two — by far market dominating — WTG types
are considered [3]:

• Type 3 – Doubly-Fed Induction Generator (DFIG): A
partially rated power converter controls the rotor current,
enabling flexible reactive power control. We adapted the
”Wind Farm” example provided by Digsilent as part of
the PowerFactory examples.

• Type 4 – Full Converter Wind Turbine (FRC): A full-
scale converter decouples the generator from the grid,
allowing for better grid compliance and fault ride-through
capabilities. This model is based on dynamic model
provided by Pertl [11].

The parameters of both models are adjusted to show compa-
rable dynamics using methodologies based on estimating the
rotor inertia by the rotor diameter as described by Tang [4]
and Morren [12] for a 3 MW class wind turbine.

B. Validation and Case Study

To showcase the difference the dynamics has to grid integra-
tion studies, a system with energy storage is considered. The
system is based on the Digisilent application example called
”BESS” from [13] and modified by adding a WTG type 4
model as previously described, connecting it to the same bus
bar as the battery converter, as shown in Figure 2. In addition,
the generation of the power plant used in the original model
is limited, so that it only stabilizes the system in case more
power generation is required.

IV. RESULTS

A. Synthetic Profile Generation

1) Wind Speed Profiles: Synthetic wind speed profiles
based on our novel methodology are generated for a hub height
of 149 m for three distinct representative days: a windy, a calm,

Fig. 2: PowerFactory model from [13] modified to include a
type 4 wind turbine

and a stormy day. Exemplarily, the profile from the windy day
is shown in Figure 3.

The synthetic profile shows notable fluctuations above and
below the linear interpolated profile, better representing the
variable nature of wind speeds. Despite the fluctuations, the
moving average over a 1-hour period of the synthetic wind pro-
file stays remarkably close to the linear interpolated CERRA
profile. The mean absolute error has value of 0.54 m/s, indicat-
ing that the synthetic wind speeds are in average slightly too
high. It is visible that this deviation is highest when the hourly
data changes significantly, indicating that the discrepancy
might arise from the way parameter transitions are handled.
Another indicator how well the synthetic profile shares the
same statistical parameters as the input data is the gust wind
speed, which can also be calculated from the synthetic profile
by taking the moving maximal wind speed over a period of
1 h. The synthetic profile stays notable below the gust wind
speed with a mean error of 2.2 m/s. This discrepancy can
partly be explained by the fact that with 5 s resolution, the
wind gust duration tg is not equal to the one used in the
CERRA dataset. An overview of those benachmarks for the
chosen representative days is given in Table II.

TABLE II: Wind Profile Comparison

Cond. Date ū ∆u ∆u% ∆ugust ∆ugust%
(m/s) (m/s) (%) (m/s) (%)

Stormy 10.02.23 16.4 0.87 5.3 5.83 15.8
Windy 14.10.23 8.6 0.54 6.3 2.20 13.7
Calm 24.10.23 3.0 0.43 14.3 0.91 21.3
Comparison of absolute ∆u and relative ∆u% errors, for mean wind
speeds and gust wind speeds under different weather conditions.

2) Power Generation Profiles: To evaluate the impact of
high-resolution synthetic wind profiles compared to linearly
interpolated profiles, the power output of a wind turbine using
both profiles is compared and visible in Figure 4 over a one-
day period.

The left plot in Figure 4 shows the power output derived



Fig. 3: Comparison of wind speed profiles for a windy day, October 14, 2023, at the location of the wind farm ”Harthäuser
Wald.” The blue curve represents a wind profile obtained through linear interpolation of the hourly CERRA data. The solid
gray curve illustrates the synthetic wind profile generated using our methodology at a 5-second resolution. The dotted line
indicates the moving average over a 1-hour period of the synthetic wind profile.

from the turbulent synthetic wind profile generated using
TurbSim, which exhibits significant fluctuations due to the
turbulent wind speeds. The right plot represents the power
generation based on a linearly interpolated wind profile derived
from the hourly CERRA data, resulting in a smoother and less
variable power curve.

Despite both profiles having the same hourly mean wind
speed of 8.6 m/s, the turbulent profile captures the short-
term wind speed variations that are critical in determining
the real power output of a wind turbine. These fluctuations
lead to periods of higher instantaneous wind speeds, resulting
in higher power output due to the cubic dependence of
genereated power on wind speed, as described in Equation (1).
Conversely, periods of lower wind speeds are visible as sharp
declines in power generation. Also visible is clipping, when
the gust wind speed exceeds the power rating of the WTG.
Qualitatively speaking, the turbulent profile is more realistic
and resembles the profiles for example described by Tang et
al. [4].

For operational planning, this has several implications. In
this case, the turbulent profile results in a lower total energy
yield compared to the linear profile, as the wind turbine
experiences brief periods of higher wind speeds, that exceed
the power rating, but also sharp declines in lulls that lower the
energy production overall. For days with lower wind speeds,
where no clipping occurs, the opposite holds as due to the
cubic relation between wind speed and generated power, the
gusts dominate to contribute significantly more power. Regard-
ing storage requirements, the turbulent profile introduces sharp
declines in generation, necessitating energy storage solutions
to smoothen supply and ensure stable power delivery.

B. Study Case – Battery Energy Storage System (BESS)

The results from the BESS simulation highlight the signif-
icant impact of wind profile resolution on energy storage and

utilization, see Figure 5. When using the synthetic turbulent
wind profile, the BESS experiences more frequent charging
and discharging cycles compared to a linearly interpolated
profile.

The turbulent profile results in 2.03 MWh of energy being
fed into the system, whereas the linearly interpolated profile
results in only 0.83 MWh, leading to an absolute error of 1.2
MWh and a percentage deviation of 59.1%.

Further, the maximum State Of Charge (SOC) reached with
the turbulent profile is 0.75, significantly lower than the 0.95
achieved with the interpolated profile. The final SOC after
discharge is 0 for the turbulent profile and 0.3 for the linear
profile, highlighting a greater reliance on the battery in the
turbulent scenario. Also, the battery exhibits a more realistic
battery cycling behavior, with both charging and discharging
cycles occurring within the first 1000 s. Conversely, with
the linear profile, the battery only charges during the initial
low-load phase and discharges continuously after the load
increased.

V. CONCLUSIONS & OUTLOOK

In conclusion, we show that the use of high-resolution
turbulent wind profiles significantly enhances the accuracy
of power output estimation, supporting better planning for
renewable integration and system stability assessments. For
this, we introduce a novel methodology for generating turbu-
lent wind profiles with high temporal resolution by combining
low-resolution reanalysis weather models with high-resolution
spectral wind models. Overall, the synthetic wind profiles
demonstrate a good agreement with the reference data, with
mean differences within acceptable limits. However, the ob-
served underestimation of wind gusts indicates potential areas
for improvement in the parameter translation for the spectral
model, for example by adjusting the empirical parameters a
and b in Equation (5).



Fig. 4: Comparison of wind turbine power output over a shared one-hour period. Left) High-resolution synthetic wind profiles
generated with our methodology. Right) Linearly interpolated wind profiles derived from hourly CERRA data. The turbulent
profile captures short-term fluctuations, leading to periods of power clipping when wind speeds exceed the turbine’s rated
capacity, as well as sharp declines due to lulls. In contrast, the interpolated profile results in a smoother power output, which
may overestimate total energy yield on days with frequent clipping and underestimate it on days with lower wind speeds.
These differences highlight the impact of profile resolution on energy estimation and storage requirements.

Fig. 5: Top) Power response of the wind turbine, the BESS
and the load to a turbulent wind speed profile. Bottom) State
of charge (SOC) of the battery

Future work may focus on refining spectral wind models
to further reduce discrepancies observed in gust estimation
and improve overall profile accuracy or to integrate different
weather models.
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