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Assessing renewable wind and solar
energy yieldwith griddedclimatedatasets

Check for updates

Philippe Drobinski1,2

Gridded meteorological datasets—reanalyses and climate simulations—are increasingly central to
renewable energy yield assessments, offering complete, physically consistent atmospheric variables
required to transform resourcedata intopower output. This reviewdelivers the first holistic synthesis of
methodologies and uncertainties across the full modeling chain for both wind and solar energy, from
resource characterization to energy yield and bankability metrics. It emphasizes the rising use of long-
term, spatially resolved data to improve site selection, financial planning (P50/P90), and climate risk
assessment. The review addresses critical modeling steps—vertical extrapolation, air density
correction, irradiance decomposition—and quantifies sources of uncertainty inherent in each. By
integrating historical and climate-future perspectives, it defines best practices for robust, transparent,
and reproducible energy yield assessments.

The global transition toward renewable energy is a central pillar of efforts to
mitigate climate change and enhance energy security. Wind and solar
power, in particular, have witnessed exponential growth in deployment due
to technological advancements, policy support, and decreasing costs1.
However, these investments are only viable if underpinned by accurate
resource assessments that estimate the long-term energy yield of proposed
or existing installations. Renewable energy resource assessment is essential
for evaluating the technical and economic feasibility of wind or solar farm
projects during the development phase2,3. Sincewind and solar resources are
geographically uneven, effective planning requires understandingwhere the
strongest resources are located, how much is available, when they can be
harnessed for electricity generation, andhow local constraints—such as land
use or regulatory restrictions—may affect project potential (Fig. 1). These
questions are typically addressed through statistical analyses that produce
standard assessment maps. The process begins with collecting or modeling
data on wind speeds, solar irradiance, and other relevant variables, and
converting them into expected energy output using simulation tools. Areas
unsuitable for development, such as dense urban zones, steep terrain, large
water bodies, or protected lands, are excluded from consideration. Con-
versely, regions offering favorable conditions—such as supportive policies,
infrastructure access, or economic incentives—are highlighted. By com-
biningmaps of electricity production potential with exclusion criteria, these
assessments help identify optimal locations for maximum energy yield.

From a financial perspective, energy yield estimates influence every
stage of project development, including initial feasibility studies, investment
attraction, loan structuring, and insurance underwriting. Investors and
lenders rely on probabilistic indicators such as P50 (median production)
andP90 (production level exceededwith 90%confidence) to assess expected

returns and exposure to risk4. These indicators are integral to financial
models that determine debt sizing and revenue expectations over the plant’s
lifecycle5. An underestimate or overestimate of energy production can lead
to significant financial consequences, potentially resulting in under-
performance relative to debt obligations or missed investment
opportunities.

The energy yield fromwind and solar sources is inherently variable and
uncertain. For wind energy, key uncertainties arise from interannual
variability, turbine performance modeling, wind flow modeling across
complex terrains, and extrapolation from measurement heights to hub
heights4,6. For solar energy, variability in irradiance due to cloud cover,
temperature impacts on photovoltaic (PV) efficiency, and differences in
solar radiation datasets all contribute to uncertainty7. Traditionally, on-site
measurements over short periods (1–4 years) are extended to longer periods
(typically 20 years) using statistical methods such as Measure-Correlate-
Predict (MCP)8. However, this introduces risks if the chosen reference
period fails to capture the full range of climate variability.

The renewable energy industry increasingly employs long-duration
gridded meteorological datasets, commonly known as reanalyses, to sup-
plement or replace direct measurements. These datasets—including global
and regional reanalyses are based on assimilating and combining large
volumes of historical observations into numerical weather prediction
models to reconstruct past atmospheric conditions9,10. Despite limitations in
temporal resolution (typically a fewhours) and spatial resolution (often tens
of kilometers or more), reanalyses offer consistent global coverage and
increasingly include energy-specific variables.

In addition to reanalyses, several global wind and solar datasets are
produced directly from observational data without the dynamical
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constraints of numerical weather prediction models. For wind, the global
mapping ofwind resources demonstrated that observationally derivedwind
climatologies can provide valuable first-order assessments of global wind
power potential11. For solar energy, large satellite-based irradiance datasets
such as the NSRDB and the CM-SAF/SARAH products deliver multi-
decadal estimates of surface radiation derived from geostationary satellite
imagery. These datasets generally offer better representation of cloud-
related irradiance variability than reanalyses and have become essential
benchmarks for validating climate-model-based or reanalysis-based solar
assessments. They complement gridded model products by providing
observationally grounded estimates of renewable resources.

Finally, gridded data from climate models are increasingly used for
prospective assessments of renewable energy resources under future climate
scenarios12–15. Thesemodels support the analysis of long-term trends inwind
and solar energypotential aswell as thebroader impacts onenergymarkets16.
A further development in prospective modeling is the inclusion of both
renewable resource availability and end-use energy demandwithin the same
climate-modeling framework17. This ensures meteorological consistency
between the weather patterns driving energy production and those driving
electricity demand. While gridded datasets offer valuable insights, their
outputs are subject to substantial uncertainties arising from natural climate
variability, model-specific biases, and differing future emissions pathways.

This review provides a comprehensive synthesis of themodeling chain
used to estimate wind and solar energy yields from gridded climate datasets
—spanning from historical reanalyses to future climate simulations. It cri-
tically examines each transformation step from resource data to energy
output, identifying key sources of uncertainty and evaluating commonly
used modeling approaches. Section “Gridded datasets for wind and solar
resources assessment” reviews themain gridded datasets used for wind and
solar assessments, including reanalyses, satellite-derived products, and cli-
mate projections. Section “Translating spatially resolved renewable resource
data into energyproduction estimates” focuseson thephysical and statistical
models that convert meteorological inputs into energy production esti-
mates, detailing processes such as vertical extrapolation, irradiance
decomposition, and air density correction. Section “Probabilistic energy
yield estimation” addresses how temporal resolution limitations are man-
aged andhowprobabilisticmetrics like P50 andP90 are derived forfinancial
applications. Finally, Section “Best practices and conclusions” outlines best
practices for producing transparent, accurate, and reproducible energy yield
estimates, with emphasis on uncertainty quantification, long-term varia-
bility, and climate risk integration.

Gridded datasets for wind and solar resources assessment
Griddedmeteorological datasets, particularly global and regional reanalyses,
have become central to the long-term assessment of wind and solar energy

resources. Their increasing use is driven by the variable nature of renewable
energy sources and the corresponding need for long and homogeneous time
series to support project planning, investment risk analysis, and the cali-
bration or debiasing of climate simulations. Among themost widely utilized
are ERA518, MERRA219, CFSR20, and JRA5521, which assimilate large
volumes of historical observations into numerical weather prediction
models to reconstruct past atmospheric states with temporal consistency
and global coverage.

Wind energy applications using reanalyses. ERA5, developed by
ECMWF within the Copernicus Climate Change Service, is particularly
valued for its hourly temporal resolution, 31 km horizontal resolution,
and direct provision of wind speeds at 100 m above ground level—an
altitude directly relevant for modern wind turbines. This represents a
substantial improvement over its predecessor ERA-Interim (e.g.,
6-hourly data, ~79 km resolution) and has positioned ERA5 as the
leading reanalysis product in many contemporary wind energy
studies22,23. Compared to MERRA2, which offers wind speed data up to
50 m and coarser resolution (~50 km), ERA5 delivers better spatial
fidelity and wind speed representation24. The availability of wind data at
100 m is essential as turbine hub heights now commonly exceed 80m
both onshore and offshore25–27.

ERA5 has been successfully used to assess wind resources in diverse
locations, including North East Scotland28, Lebanon29, Qatar30, South and
Southeast Brazil31, the Mediterranean32, the Caspian Sea33, and globally26.
Terrestrial applications include sites inPoland34, Ethiopia35, andColombia36.
However, ERA5’s accuracy varies by region and terrain complexity.While it
generally performs well in flat or offshore areas37, its performance degrades
in mountainous or land-use heterogeneous regions due to under-resolved
local acceleration effects25,38. Validation studies, such as those using Vestas
mast data38, confirm systematic underestimations in such environments. A
known bias in ERA5 is its delayedmorning wind speed recovery caused by
data assimilation at 1000 UTC37. This affects the diurnal cycle representa-
tion and can impact daily energy estimates. Additionally, reanalysis datasets
often do not include variables such as air density at turbine hub heights,
requiringusers to calculate it indirectlyusingpressure and temperaturedata,
often leading to errors if not properly corrected39. Vertical interpolation
between 10m and 100m using power laws has been found sufficient for
many applications40, although caution is warranted in highly stratified or
unstable atmospheric conditions.

To enhance wind resource resolution in areas where global reanalyses
underperform, regional reanalyses such as COSMO-REA622,37, COSMO-
REA222,41, HARMONIE42, and MESCAN-SURFEX43 offer finer spatial
resolutions ( ~ 6 km or better). These datasets are often integrated into
regional wind atlases, such as the Global Wind Atlas (GWA). The GWA

Fig. 1 | Mapping renewable energy resource
potential and site constraints. Schematic diagram
of the process for evaluating sites suitable for the
installation of renewable energy projects using
gridded climate datasets. This review addresses the
assessment of the power production potential in the
dashed box. Adapted from Drobinski (2025) (in
French)149.
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leverages mesoscale modeling through the WRF (Weather Research and
Forecasting) model, dynamically downscaling ERA5 input using high-
resolution topography and surface roughness data, and applyingmicroscale
modeling with the CFD-based WAsP model to correct for terrain and
surface heterogeneities. This hybrid modeling chain enables the GWA to
produce wind climatologies at resolutions of 250m or finer, substantially
improving site-specific accuracy over global datasets alone44,45. The Global
Wind Atlas thus acts as a bridge between global reanalysis and localized
wind resource mapping, offering publicly accessible high-resolution data
through an interactive platform. However, like other regional products, its
open-access data are often limited to summary layers (e.g., mean wind
speed, power density), which can restrict their utility for detailed, time-
resolved modeling22. Nevertheless, the GWA remains a valuable tool for
preliminary site selection and long-term strategic planning, especially in
data-sparse regions.

Wind resource potentialmodeling frequently involves fitting statistical
distributions to wind speed—either historical or synthetic46. The Weibull
distribution iswidely used in thewind energy sector due to its simplicity and
analytical tractability47. Its probability density function is given by

p v;A; kð Þ ¼ k
A

� �
v
A

� �k�1
exp � v

A

� �k� �
ð1Þ

where v is the wind speed, A is the scale parameter and k the shape para-
meter. However, its use is necessary primarily when only long-term mean
wind statistics are available (e.g., annual-average datasets). When high-
frequency data (e.g., hourly reanalysis ormast measurements) are available,
an empirical wind-speed distribution can be derived directly, making
parametric assumptions unnecessary. Nevertheless, Weibull functions
remain common in software tools such as WAsP, and bankability
assessments, making it easier to communicate results with stakeholders
and investors. However, this approach has no strong theoretical foundation
and assumes unimodal, isotropic, and circular wind patterns—conditions
often violated in complex terrains such as mountainous, forested, or coastal
regions48,49. In such cases, the Weibull distribution tends to underestimate
both weak and strong winds and overestimate moderate winds, leading to
cumulative underestimation of wind energy potential50–52. The WAsP
method, which emphasizes fitting the distribution to strong winds (more
critical for energy production), performs better than general fitting
approaches, which tend to match the entire distribution and may poorly
capture the production-driving extremes53. Even then, reliance on aWeibull
model, especially with limited parameters, can lead to systematic under-
estimation or overestimation depending on site conditions. Alternative
distributions such as bimodalWeibull54,55, elliptical, Rayleigh-Rice49, or non-
Gaussian formulations have been proposed to better model such complex
wind regimes. These approaches improve accuracy, especially in areas with
anisotropic winds, although they require more detailed input data and
calibration. The limitations of parametric models such as the Weibull
distribution—especially its inability to capture multimodality—have
prompted the exploration of non-parametric approaches, such as the
quantile-quantile techniques, or similar such as CDF-t56.

Solar energy applications using reanalyses. In the solar domain,
similar limitations and opportunities apply. While reanalyses like ERA5
and MERRA2 provide useful irradiance estimates, satellite-derived
datasets are generally more accurate, especially in capturing cloud
variability and atmospheric transmittance. Products such as SARAH57,
CM-SAF58, and NSRDB59 outperform reanalyses in estimating global
horizontal irradiance (GHI), particularly in cloud-prone or convective
regions. Tools like PVGIS60,61 and renewables.ninja62 integrate these
datasets to produce multi-year PV output estimates across global
domains. However, validation of modeled PV performance remains
predominantly limited to European case studies63–65.

ERA5 has shown significant improvement over earlier reanalyses, with
global mean biases in irradiance reduced by 50–75%64, and strong

performance observed in Australia66 and the Mediterranean region67. Still,
biases persist in regions like Asia68,69, Norway70, and Brazil71. ERA5-Land,
introduced in 2019with 9 kmhorizontal resolution, offers some refinement,
though studies indicate that gains overMERRA2aremodest inmanycases72.

To address spatial limitations and promote energy access planning, the
Global Solar Atlas (GSA) provides high-resolution solar resource data
(250–1000m) derived from satellite imagery processed through the Solargis
model chain, which incorporates cloud and aerosol observations, radiative
transfer models, and terrain corrections to calculate the global horizontal
irradiance, the direct normal irradiance, and PV output potential. Its
methodology ensures consistency with ground measurements via site-
specific bias corrections and temporal averaging of up to 20 years of data73.
Unlike typical reanalysis-based platforms, the GSA offers open-access data
suitable for feasibility screening, electrification planning, and early-stage
project development, particularly in data-sparse developing regions.
Although the GSA primarily provides climatological summaries, its spatial
resolution and bias-adjusted modeling make it a reliable reference for solar
development, especially where direct ground validation is limited. As with
the Global Wind Atlas, access to high-resolution, quality-assured data
through theGSAsignificantly enhances decision-making and early resource
screening across the solar energy sector.

Renewable energy resource projections in future climate. As
renewable energy planning increasingly incorporates long-term hor-
izons, climate projections have become essential tools for evaluating how
wind and solar resources may evolve over future decades. In contrast to
reanalyses—which provide high-resolution, observation-informed
reconstructions of past atmospheric conditions at hourly to sub-daily
intervals—climate projections are forward-looking simulations driven by
scenarios of greenhouse gas emissions, land-use change, and other
external forcings. These projections, produced through initiatives like
CMIP and CORDEX, offer multi-model ensembles that capture a range
of plausible climate futures. However, they typically operate at coarser
spatial and temporal resolutions—often providing monthly or daily
outputs such as temperature, wind speed, and irradiance, over 30-year
climatological periods—limiting their ability to resolve short-term
variability or fine-scale geographic features. Nonetheless, they are cru-
cial for assessing long-term trends, variability, and extremes in renewable
energy potential under different climate scenarios. Gridded climate
change projections, derived fromgeneral circulationmodels (GCMs) and
downscaled through either regional climate models (RCMs) or statistical
techniques, have been increasingly applied to assess the potential impacts
of climate change on solar and wind energy resources. Dynamical
downscaling involves nesting high-resolution RCMs within GCMs,
enabling better representation of orography, land-sea contrasts, and
localized weather patterns. Projects such as CORDEX provide ensembles
of such simulations at 50 km or finer resolution74,75. Studies on wind
energy change in anthropogenic scenarios have been conducted using
both downscaling approaches for regions such as Europe and North
America56,76–81, suggesting that projected changes in mean wind speeds
and energy density are modest—often less than 10 percent—and gen-
erally within the bounds of natural interannual variability77,82. In addition
to average conditions, gridded climate projections have also been
employed to explore potential changes in wind speed variability and
extreme wind events for turbine design and load calculations76,79,83.
However, these extremes are inherently rare, and their quantification
remains a significant modeling challenge due to the limited ability of
current tools to accurately simulate such events84,85. Similar approaches
have been used to investigate the impact of climate change on solar
radiation, a major driver of solar energy86–88.

Translating spatially resolved renewable resource data into
energy production estimates
Translating gridded meteorological data from reanalyses or climate
model outputs into renewable energy production estimates involves
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applying a series of physical and statistical models that convert resource
variables—such as wind speed, solar irradiance, temperature, and
pressure—into spatially resolved power output (Fig. 2). These datasets
typically provide all the necessary atmospheric variables to support this
transformation which has been used in assessment studies using
reanalyses79,89 or in wind energy prospective13,15, solar energy

prospective90 or both14,91 using climate projections. The resulting energy
production estimates serve as the foundation for deriving probabilistic
indicators such as P50 and P90, which are critical for project bankability
and risk assessment. However, each step in this modeling chain intro-
duces uncertainties that must be carefully quantified and, where possi-
ble, mitigated.

Fig. 2 | From gridded climate data to wind and solar energy yield. Wind (a) and PV (b) power modeling workflows with data type needed for each step.
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Wind energy production modeling. Converting wind energy resource
data into wind power output requires several key modeling steps to
account for physical and technical factors that influence turbine per-
formance (Fig. 2a). First, vertical extrapolation is necessary because
gridded reanalyses and climate simulations rarely provide wind speed
data exactly at the turbine hub height, which typically ranges between 80
and 120 meters. Second, air density correction must be applied, as power
output depends not only on wind speed but also on air mass; however,
this step is frequently overlooked despite its significant influence, espe-
cially in regions with notable temperature or elevation variability. Finally,
wind speed is mapped to power output using the turbine’s power curve, a
nonlinear relationship that defines how much electricity is produced at
different wind speeds. Each of these steps introduces uncertainties that
propagate through the modeling chain and must be carefully considered
when estimating energy yield.

Vertical extrapolation of wind speeds. In wind energy assessments, wind
speed from gridded datasets often needs to be extrapolated from lower
elevations—such as 10m or 50m—to typical wind turbine hub heights,
which range from 80 to 120m. Twomainmethods are widely employed for
vertical extrapolation: the logarithmic law and the power law. The loga-
rithmic law, derived fromboundary layer theory, is theoretically valid under
neutral atmospheric conditions and is expressed as

v zð Þ ¼ v�
κ

� �
lnðz=z0Þ ð2Þ

where z is the height, κ = 0.4 is the Von Karman constant, v∗ is the friction
velocity and z0 the surface roughness length, both assumed altitude-
independent92. When measurements are available at two levels, roughness
length canbe estimatedby rearranging this equation, and thenwind speed at
a target height can be calculated.However, in reality, thermal stratification is
rarely neutral, and generalizing this approach to non-neutral conditions
requires knowledge of the Monin-Obukhov length, which is often difficult
to determine in practice. Furthermore, as turbine hub heights increase, they
may extend beyond the surface layer, reducing the validity of surface-based
extrapolation methods92. The empirical power law, often preferred for its
simplicity, is commonly expressed as

v zð Þ ¼ vref
z
zref

 !α

ð3Þ

where vref is the wind speed at a reference level zref where it is generally
available in gridded datasets (i.e. most often at zref = 10m). The exponent
α, referred as wind shear coefficient, typically ranges from 0.1 to 0.4,
reflecting the impacts of atmospheric stability and surface roughness. The
α standard value of 1/7 (or 0.14) is, however, frequently used in wind
atlases and climate analyses when only a single height measurement is
available15,93. Calibration of α is generally performed on average wind
profiles, often categorized by wind direction, season, or time of day.
Though convenient, using a constant α can introduce errors exceeding
10% when actual stratification deviates from neutral conditions40.
Therefore, more complex expressions exist, which are more difficult to
calibrate94.Methods have beendeveloped to calculate the exponentα from
the parameters in the logarithmic law. For example, expression of α as a
function of vref and z0 such as95

α ¼ z0
zref

 !0:2

1� 0:55 ln vref
� �

ð4Þ

or incorporating z0 only with stability dependent coefficients, such as
96

α ¼ a0 þ a1lnðz0Þ þ a2 lnðz0Þ
� 	2 ð5Þ

have been proposed. However, these complicated approximations
reduced the simplicity and applicability of the general power law, so
empirical expression of α best fitting the available wind data has also been
proposed, such as97

α ¼ 0:37� 0:0881ln vref
1� 0:0881ln zref=10


 � ð6Þ

Studies have shown that the vertical wind gradient, and therefore α,
varies significantly on diurnal and seasonal timescales40,98. These differences
reflect the underlying atmospheric dynamics: stable nocturnal conditions
typically result in stronger wind gradients, while daytime instability fosters
vertical mixing that flattens the profile99.

To address these complexities, more advanced methods have been
developed, including time-varying α values derived from multi-level mea-
surements ormachine learningmodels trained onmeteorological variables.
While such approaches can improve accuracy— halving root-mean square
error in some cases for 20m extrapolations—they require dense datasets,
which are not always available94. The European Wind Energy Association
(EWEA) has concluded that extrapolation introduces limited errors when
the height difference is small (e.g., 20m), but becomes increasingly pro-
blematic with larger gaps, such as extrapolating from 10 or 40m up to 80 or
90 m100,101. Indeed, root-mean square error increases from around 4% for a
20m extrapolation to over 12% for a 60m extrapolation, with biases as high
as −5% for power law methods40. Efforts to reduce extrapolation errors
throughdata stratification—by timeof day, season, orwinddirection—offer
marginal improvements (reduction in the root-mean square error by less
than -15%). Themost significant gains occur when profiles are calibrated at
hourly resolution, nearly halving the root-mean square error compared to
using an annual average profile. However, when gridded datasets provide
wind speeds at two or more vertical levels (e.g., 10m and 100m in ERA5),
wind speeds at intermediateheights canbe interpolatedusing logarithmic or
polynomial vertical profiles. This avoids purely extrapolating from a single
low-level measurement and typically reduces uncertainty relative to single-
level methods.

Conversion to power and air density correction modeling. The conversion
of wind speed to wind power is nonlinear and turbine-specific, governed by
a power curve P(v) supplied by turbine manufacturers102. This curve relates
wind speed to power output and includes cut-in, rated, and cut-out
thresholds. The power production over a time period T is given by83:

Pwind ¼ T
Z1
0

p vð ÞP vð Þdv ð7Þ

where p(v) is the probability distribution of hub-height wind speeds.
Converting wind speed to wind power is an area of research that is still very
active103–105. Errors in wind power estimates can range from a fewpercent to
over 50%, depending on the method used to model the power curve106,107—
for example, whether a parametric or non-parametric approach is
employed104. CombiningWeibull distributionswithnonlinear power curves
has been shown to increase estimation errors, with studies reporting 5–10%
average underestimations—and larger errors at sites with bimodal wind
regimes50,51.

However, the energy performance of a wind turbine depends more
largely on the atmospheric conditions and in particular on the density of the
air, which depends on air temperatureT and pressure P through the perfect
gas law, P = ρRT, where ρ is the air density and R the perfect gas constant.
Most studies neglect the impact of air density, as power curves are calibrated
for standard air density (1.225 kg/m³)108, even if this impact is not negligible.
Deviations due to temperature, pressure, and altitude can lead to errors if
uncorrected27,39. The root-mean square error between the calculated and
measured power maybe reduced by 20% when the temperature is used as
input of the modeled wind power109. However, the error can vary by more
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than 200%when different methods to account for air density are applied105.
An accurate estimate of air density is a prerequisite for reducing uncertainty
in wind energy assessment. To introduce the air density correction (tem-
perature, pressure and altitude effect) while using the power curves deter-
mined in standard atmospheric conditions, the wind speed must be
corrected by multiplying it by the factor (ρ/ρ0)

1/3 110:

vc ¼ v
ρ

ρ0

� �1=3

ð8Þ

Correcting the temperature and the pressure for the altitude of the hub
of the windturbine using a standard atmosphere can easily be applied to
gridded reanalyses or climate simulations39, with

P zð Þ ¼ Pref 1� 0:0065
Tref

z � zref
� �" #5:255

;T zð Þ ¼ Tref �
6:5
1000

z � zref
� �

ð9Þ
The relative errors are the strongest in atmospheric conditionsdifferent

from the standard atmosphere with temperatures above 25°C or below 5°C,
while the pressure effect operates at a lower order39. This method has
demonstrated a reduction in power estimation error by up to 6.5% in real-
world datasets.

A further source of uncertainty—often overlookedwhenusing gridded
reanalyses or climate simulations—is the reduction in wind power avail-
ability arising from turbine–turbine and farm–scale interactions. Wind
turbines extract kinetic energy from the atmosphere, creating wakes that
slow down the downwind flow and reduce power production in down-
stream turbines. At large scales, very extensive wind farms may also reduce
regional wind speeds due to the cumulative drag imposed on the boundary
layer111. Global simulations that explicitly represent wind turbine drag show
that this effect can modestly decrease large-scale wind speeds112. Because
most reanalyses and climate models do not incorporate these feedbacks,
energy yield assessments based solely on their wind fields may slightly
overestimate resource availability, particularly for densely clustered wind
developments.

Solar energyproductionmodeling.Modeling the PVpower consists in,
first, calculating the solar global in-plane irradiance (I) and PV cell
operating temperature (Tcell), and then, using a PV performance model,
calculating the power produced at the maximum power point (PPV) (Fig.
2b). Uncertainties associated with modeling photovoltaic (PV) pro-
ducible fall into three main categories: the estimation of temperature-
induced efficiency losses, the modeling of diffuse and direct irradiance in
energy output calculations, and the representation of sub-daily variability
in PV production.

Modeling of solar producible. Themost straightforwardmodeling approach
accounts only for temperature-related losses, without explicitly modeling
producible energy. This efficiency loss depends on the cell temperatureTcell,
which can be estimated using the expression:

Tcell ¼ Tday þ
a
U
Iday ð10Þ

In this formulation, Tday is the average daytime air temperature, cal-
culated as the mean of daily maximum andminimum temperatures113. The
coefficient a, representing solar absorption, is commonly set to 0.9 (ranging
between0.75 and1 in the literature114,115),while theheat loss factorU is taken
as 29Wm⁻² K⁻¹ (ranging between 14 and 42Wm⁻² K⁻¹ in the literature114)—
both standard values used in the PV technologymodeling platforms such as
PVsyst and PVGIS116,117. The quantity Iday is the daily global horizontal
irradiance. This formulation has been employed inmany applications89. To
improve accuracy, this model can be expanded to include wind effects on
heat dissipation. In such cases, the heat loss coefficient U is redefined as a

function of wind speed:U ¼ Uc þ Uv�v withUc a constant andUv, the heat
loss coefficient associated with the wind speed. This yields a more refined
empirical relationship118:

Tcell ¼ c1 þ c2T tð Þ þ c3I tð Þ þ c4v tð Þ ð11Þ
Here, T(t) is the near-surface air temperature at 2 meters, I(t) is

incoming shortwave radiation at the surface, and v(t) is wind speed at 10
meters. The coefficients are c1 = 4.3 °C, c2 = 0.943, c3 = 0.028 °Cm2W−1 and
c4 =−1.528°C sm−1. These variables are available in gridded climate datasets
and numerical simulations. Empirical studies show that crystalline silicon
PV efficiency decreases by approximately 0.3–0.6% per °C increase in cell
temperature relative to standard test conditions60,119–124 but this relative
reduction can exceed 0.6% per °C for cell temperature exceeding 50°C123.

Once cell temperature is estimated, converting irradiance to PV power
output is relatively straightforward. The potential PV energy output, PPV(t),
is given as119

PPV tð Þ ¼ ηPRðtÞ
IðtÞ
ISTC

ð12Þ

where I(t) is the instantaneous irradiance ISTC = 1000Wm−2 is the irra-
diance under standard test conditions (STC), used for calibrating PV
module capacities, and η is themodule’s electrical efficiency at the reference
cell temperature TSTC under STC. For TSTC = 25°C, the efficiency η ranges
typically between 5% and 18% depending on the technology with on
average, highest values for monocrystalline silicon115,119,124.

The performance ratio PR(t) accounts for efficiency losses due to
temperature and is expressed as

PR tð Þ ¼ 1þ γ Tcell tð Þ � TSTC

�� �� ð13Þ
In this equation, γ is the thermal response coefficient of the PV tech-

nology. A typical value is 0.45–0.5% per °C with observed extremes ranging
from 0. 11% per °C to 0.98% per °C115,119,123,125. Given the broad range of PV
technologies, using validated simulation tools and datasets is advisable.
Platforms such as PVsyst and PVGIS offer reliable, user-friendly environ-
ments for modeling a variety of PV technologies under different climatic
conditions. In the absence of detailed system specifications, a default
assumption is that crystalline silicon panels dominate the global PVmarket,
accounting for approximately 95% of installations, with monocrystalline
silicon-based solar cells replacing the multicrystalline silicon-based solar
cells as the technologydominating themarket126,127. These prevalencefigures
can guide the choice of representative coefficients for modeling purposes
when project-specific data are unavailable.

Modeling of direct and diffuse radiation and total incident radiation on the
PV panel. To compute global solar irradiance on the plane of a photovoltaic
(PV)panel, several inputs are typically required: global horizontal irradiance
(GHI), diffuse horizontal irradiance, direct normal irradiance, thepanel’s tilt
angle, and occasionally the local ground albedo. In systems with sun-
tracking capabilities—whether single-axis or dual-axis—the angle of incli-
nation can vary throughout the day to maximize energy capture. In many
climate reanalysis datasets or simulations, however, only global horizontal
irradiance is provided. As a result, it is often used directly in PV production
models, including those estimating PV cell temperature (Fig. 2b).While this
approach is common, a more accurate method involves decomposing the
GHI into its diffuse and direct components before projecting onto the
inclined plane. This improves both the estimation of cell temperature and
the producible PV energy. Several models exist to derive these components
from horizontal irradiance and to calculate the total irradiance incident on
an inclined surface.

A widely used approach correlates the ratio of diffuse to total irra-
diance, Id/I, with the clearness index, kT, defined as the ratio of observed
global irradiance I to extraterrestrial irradiance I0 (about 1361Wm−2)128 on
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a horizontal plane. One of the reference models is that of Erbs et al.129:

Id
I
¼

1:0� 0:09kT forkT ≤ 0:22

0:9511� 0:1604kT þ 4:388k2T � 16:638k3T þ 12:336k4T for 0:22 < kT ≤ 0:80

0:165 for kT > 0:80

8><
>:

ð14Þ
The model proposed by Orgill and Hollands130, also widely used and

similar in outcome, is defined by

Id
I
¼

1:0� 0:249kT for kT ≤ 0:35

1:557� 1:84kT for 0:35 < kT ≤ 0:75

0:177 for kT > 0:75

8><
>: ð15Þ

A recent comparison shows that theHelbig et al.131 model outperforms
the Erbs et al.128 model in certain contexts7. It is defined by

Id
I
¼

1:020� 0:248kT for kT ≤ 0:30ðwith Id
I ≤ 1:0Þ

1:400� 1:749kT þ 0:77 sin π
2 � θz

 �

for 0:30 < kT ≤ 0:78ðwith 0:1≤ Id
I ≤ 0:97Þ

0:147 forr kT > 0:78

8><
>:

ð16Þ

with θz the solar zenith angle.
For daily (or monthly) values, hereafter referred as Id,day and Iday,

similar correlations exist. Erbs et al.128 proposed

Id;day
Iday

¼ 1:0� 0:2727kT;day þ 2:4495k2T;day � 11:9514k3T;day þ 9:3879k4T;day for kT;day < 0:715

0:143 for kT;day ≥ 0:715

(

ð17Þ
for sunset hour angles less than or equal to 81.4°, and:

Id;day
Iday

¼ 1:0þ 0:2832kT;day � 2:5557k2T;day þ 0:8448k3T;day for kT;day < 0:722

0:175 for kT;day ≥ 0:722

(

ð18Þ
for sunset hour angles greater than81.4°. Anotherwidely citedmodel is

that of Collares-Pereira and Rabl132

Id;day
Iday

¼

0:99 for kT;day ≤ 0:17

1:188� 2:272kT;day þ 9:473k2T;day � 21:865k3T;day þ 14:648k4T;day for 0:17 < kT;day ≤ 0:75

0:632� 0:54kT;day for 0:75 < kT;day < 0:80

0:2 for kT;day ≥ 0:80

8>>>><
>>>>:

ð19Þ
Once the direct and diffuse components are obtained, the next chal-

lenge is to compute the radiation on an inclined surface based on values
measured on a horizontal surface. This requires knowing the angular dis-
tribution of radiation components. The total irradiance IT incident on a
tilted surface can be expressed as

IT ¼ IT;b þ IT;d;iso þ IT;d;cs þ IT;d;hz þ IT;refl ð20Þ

where the terms represent contributions fromdirect beam, isotropic diffuse,
circumsolar diffuse, horizontal diffuse, and reflected radiation from the
ground, respectively. Many models exist to compute these terms, ranging
from simple to highly complex113. The isotropic skymodel assumesuniform
solar radiance across the entire sky dome and performs well under fully
overcast conditions133. The classic Liu and Jordanmodel uses this approach
and expresses the irradiance on a tilted surface as134

IT ¼ I � Id

 �

sin π
2 � θz

 � cosψ þ Id

1þ cos ε
2

� �
ð21Þ

whereψ is the angle between the solar direction and the panel’s normal, and
ε is the tilt angle of the surface. More advanced models extend this by

introducing anisotropy and better accounting for clear-sky conditions135:

IT ¼ I � Id

 �

sinφ π
2 � θz

 � cosψ þ Id

1þ cos ε
2

� �
× 1þ sin3

ε

2

h i
1þ cos2ψsin3θz
� 	

ð22Þ
Klucher136 developed an “all-sky” anisotropic model that smoothly

transitions between overcast and clear-sky conditions using a modulation
function:

IT ¼ I � Id

 �

sin π
2 � θz

 � cosψ þ Id

1þ cos ε
2

� �
× 1þ Fsin3

ε

2

h i
1þ Fcos2ψsin3θz
� 	

ð23Þ

whereF = 1-(Id/I)
2modulates the transition.Underovercast skies,F = 0, and

the model reduces to the isotropic case. Under clear skies, F ≈ 1, and the
model approximates the Temps and Coulson anisotropic formulation135. In
a climate modeling context, the Klucher model136 was applied to reanalysis
irradiance data from CORDEX and MERRA-2 at each grid point89. There,
thepartitioningbetweenglobal anddiffuse radiation is determinedusing the
daily clearness index kT,day and the solar elevation angle.The clearness index
for a given day is defined as kT,day = Iday / I0,day, where I0,day is the daily
extraterrestrial radiation.

Finally, as for wind energy, some global climate model-based gridded
datasets also incorporate the feedback loop between solar energy extraction
and surface temperatures112 but most do not, enhancing the level of
uncertainty.

Dealing with temporal resolution limitations. The temporal resolution
of gridded climate datasets plays a critical role in accurately modeling
renewable energy yields, as their native time steps directly influence how
well variability and extremes in wind and solar resources are captured
throughout themodeling chain. For wind energy, the nonlinear nature of
the turbine power curve makes it particularly sensitive to data averaging.
Relying on daily-averaged wind speeds rather than hourly data can lead
to underestimations of energy potential by 5–15%53. To mitigate this,
studies have used parametric distributions like the Rayleigh distribution
to simulate intra-daily wind variability and estimate energy production
when only coarse-resolution data are available, such as those from CMIP
or CORDEX climate models89.

For solar energy, the relationship between temperature and PV pro-
ducible is linear, which reduces sensitivity to temporal averaging. However,
muchof the variance inPVoutput stems fromthediurnal cycle of irradiance
on tilted surfaces. As such, accounting for hourly variability remains
important for confidence inPVmodeling.Unlike reanalysis datasets such as
MERRA-2 or ERA5, which offer fairly high temporal resolution, most cli-
mate simulations—such as those from the CMIP or CORDEX ensembles—
may only provide daily-mean irradiance values at the surface and at the top
of the atmosphere. To reconstruct diurnal variability, hourly extraterrestrial
irradiance at the top of the atmosphere, I0(t), is computed using calendar
and solar geometry data, and the hourly surface irradiance I(t) is approxi-
mated by multiplying I0(t) by the daily clearness index kT,day, assumed to
remain constant throughout the day, i.e. I(t) = kT,day I0(t)

89. While this
method captures the shape of the daily irradiance curve, it does not account
for intra-day fluctuations in kT, such as those caused by transient cloud
cover. The uncertainty associated with this daily-to-hourly approximation
has not yet been fully characterized in the literature.

Probabilistic energy yield estimation
Once the gridded climate variables converted into energy production esti-
mates, the resulting time series at each grid point are used to derive prob-
abilistic indicators critical for financial planning—namely P50, P75, P90,
and P99. These metrics represent the annual energy production levels
expected tobe exceededwith respective probabilities andare fundamental to
assessing investment risk and structuring project finance. Their calculation
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typically assumes that annual net production values follow a normal dis-
tribution, with themean corresponding to P50 and the standard deviation σ
used to compute the desired quantiles4,137,138:

Px ¼
ffiffiffi
2

p
σ:erf�1 2x� 1ð Þ þ P50 ð24Þ

where x = 84, 90, or 95 and erf is the error function and erf-1 its inverse. The
larger the difference between P90 (or other quantiles x) and P50, the larger
the distribution and the more uncertain the energy estimate. The accuracy
and the precision of the pre-construction energy estimates can dictate the
profitability of the wind or solar project.

The main sources of uncertainty in long-term wind and solar energy
yield predictions, and needed to estimate σ, stem from two broad areas. The
variability and estimation of the resource, and uncertainties in system
performance parameters139,140. Specifically, wind and solar resource uncer-
tainties include year-to-year climate variability and errors from transposi-
tion models described in Section “Translating spatially resolved renewable
resource data into energy production estimates”.

On the system side, for wind energy yield, uncertainties come from
production losses due to wake effects, availability, curtailment, turbine
performance, environmental and electrical losses. Experts have been dedi-
cated to eliminating suchprediction errors in thepast decade141. Recently the
reported average energy prediction bias is declining140, as wind energy yield
assessment process include accounting for additional factors in wind
resource assessment andoperation, accounting formeteorological effects on
power production, improving modeling and measurement techniques and
correcting for previous methodology shortcomings. For solar energy yield,
uncertainties arise from inaccuracies in module power ratings, degradation
over time, dirt and soiling, snow cover, system availability, and other losses
such as inverter inefficiencies and modeling limitations139,142,143. Each of
these contributes variably to the total uncertainty, which was found to be
around 8%.

However, one key issue that gridded realayses or climate simulations
can overcome for both solar and wind energy yield estimation is the
uncertainty caused by the period over which the assessment is conducted.
Twenty-year average values are less uncertain than one-year values because
the variability inherent in one-year values is averaged over the long term.
Industry practice typically relies on around ten years of data to assess wind
and solar resources, yet natural variability is driven by atmospheric pro-
cesses operating on both high and low frequencies. These low-frequency
fluctuations—often referred to as climate oscillations—are characterized by
persistent spatial patterns, usually spanning ocean basins, and time series
that describe their amplitude and phase. Fig. 3a illustrates the cumulative
density function of the ratio of actual to estimated production for 139 U.S.
wind farms between 2001 and 2009. On average, actual P50 values are 7%
lower than those estimated during site assessments. The interannual to
decadal variability of low-level wind speed in North America from 1950 to
2010 is significantly negatively correlatedwith the large body of warmwater
in the Western Pacific, called the Western Hemisphere Warm Pool
(WHWP)144. In the late 1990s and early 2000s, strongWHWP activity lead
to notably reduced regional wind speeds, whereas weaker WHWP years
before corresponded with increased wind speeds (Fig. 3b). If other sources
explain the overestimation of P50 such as curtailment145, the length of the
assessment period is key for reducing bias on P50 estimate, as the inter-
annual variability of the historical wind resource can lead to 1–7% uncer-
tainty on the wind energy yield144. Similar discrepancies have been observed
in Europe146 as the North Atlantic Oscillation (NAO) plays a major role in
shaping winter wind variability regionally, raising concerns about the
financial viability of wind projects and the risk of deterring future
investments40. Similar impact of regional climate variability can affect solar
PVenergy yield. Fig. 3c is similar for aPV farm inCanadabetween1974 and
1989139. On average, actual P50 values are 3% higher than the P50 value
estimated over 1964-1973 period. As for wind speed, solar radiation is
subject to interannual to decadal variability. Studies point to a downward

Fig. 3 | Climate variability and bias in long-term
energy yield estimates. Cumulative density func-
tion of the ratio of the wind (a) and solar (b) energy
yield (P50) (2001 to 2013 for wind energy yield; 1974
to 1989 for solar energy yield), to that estimated on
previous assessment period (unknown pre-
construction assessment period for estimated wind
energy yield; 1964 to 1973 for solar energy yield).
cWestern Hemisphere Warm Poll (WHWP) index
(c) and Decadal Pacific Oscillation (DPO) index (d)
as a function of time. The red bars, resp. blue bars,
correspond to the positive phase, resp. negative
phase, of theWHWP and DPO. Data sources: DNV
GL (2014) for wind energy yield148; Thevenard and
Pelland (2013) for solar energy yield142; NOAA
website noaa.gov for WHWP and DPO indices.
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trend or dimming from the 1950s to the mid 1980s, followed by an upward
or brightening trend in many locations147. The low-frequency variability of
surface radiation in North America is closely linked to the Decadal Pacific
Oscillation (DPO)148. The DPO is a long-term pattern of sea surface tem-
perature variability in the PacificOcean, typicallyfluctuating betweenwarm
and cool phases over periods of 10 to 30 years (Fig. 3d). It influences large-
scale atmospheric circulation and climate patterns across the Pacific basin
and adjacent continents, including North America. During the positive
phase of the DPO, there is a decrease in surface radiation across much of
North America, while the negative phase corresponds with increased sur-
face radiation. This relationship is primarily attributed to changes in cloud
cover and atmospheric circulation patterns driven by DPO-related sea
surface temperature anomalies in the Pacific.

So, a robust strategy to assess wind or solar energy yields involves
generating energy production time series from long-term gridded datasets
(typically spanning 20 years or more) and fitting empirical distributions
directly to these data—an approach that helps minimize the risk of bias in
P50 estimates and reduces the likelihood of mismatch between predicted
and actual performance, which is critical for financial riskmanagement and
investor confidence.

Best practices and conclusions
Accurate and robust renewable energy assessments depend not only on the
availability of gridded meteorological datasets but also on careful metho-
dological choices throughout themodeling chain. The use of reanalyses and
climate simulations offers a consistent, spatially and temporally resolved
basis for estimatingwindand solar energypotential.However, thesedatasets
must be selected, processed, and interpreted with attention to their limita-
tions and the specific requirements of energy modeling.

A first best practice concerns the selection and validation of datasets.
Reanalyses such as ERA5 and MERRA-2 provide extensive temporal cov-
erage and contain variables relevant to energy applications, including wind
speed at turbine hub height and surface irradiance. For solar applications,
satellite-derived datasets like SARAH or the Global Solar Atlas often yield
more accurate irradiance estimates, particularly in regions with complex
cloud dynamics. Regardless of the source, it is essential to validate model
outputs against local ground-basedmeasurements when available. This step
helps identify and correct for systematic biases, especially in areas with
complex terrain or atmospheric conditions.

Modeling energy production from climate variables requires trans-
lating atmospheric parameters into electrical output, a process that intro-
duces several layers of uncertainty. In wind energy modeling, vertical
extrapolation from standard data levels to turbine hub height must be
handled with care, ideally incorporating site-specific information on
atmospheric stability and surface roughness. Air density corrections are also
critical, as neglecting the influence of temperature and pressure variations
can lead to significant under- or overestimation of energy output. Similarly,
for solar energy assessments, modeling must consider both the transfor-
mation of horizontal irradiance into panel-plane irradiance and the thermal
behavior of PV modules. Temperature-dependent losses and performance
ratio adjustments are necessary to accurately reflect real-world production.

Temporal resolution plays a key role in minimizing errors in energy
yield estimation. Hourly data allow better representation of the nonlinear
response of wind turbines to wind speed and capture the diurnal variability
of solar irradiance more effectively than daily averages. When only daily
data are available—such as in many climate model outputs—temporal
disaggregation techniques can be applied, but these introduce additional
uncertainty that must be acknowledged in the final estimates.

A fundamental aspect of best practice is the explicit quantification and
communication of uncertainty. Rather than relying on parametric
assumptions like normality, empirical distributions should be derived from
long-term energy production time series. Using datasets with 20 or more
years of data allows a more reliable estimation of P50, P90, and other
probabilistic indicators that are critical for financing decisions. Uncertainty
arises from a combination of resource variability, model assumptions, and

technical losses, and must be accounted for across all modeling stages.
Furthermore, interannual to decadal climate variability—linked to large-
scale modes—can significantly influence wind and solar production. Short-
term assessments are unlikely to capture these fluctuations andmay lead to
biased estimates of long-term energy yield.

Incorporating projections of future climate change requires additional
care. Downscaling methods—either statistical or dynamical—should be
employed to improve the spatial and temporal resolution of global climate
models, and their assumptions must be clearly stated and tested against
observations. Ensemble approaches that combine results from multiple
models and scenarios are essential to capture the range of plausible futures
and to avoid over-reliance on any single simulation. Yieldmetrics should be
calculated separately for each member before aggregation to preserve
meaningful estimates of spread and central tendency.

Ultimately, the credibility and usefulness of renewable energy assess-
ments depend not only on technical rigor but also on integration into
financial and policy frameworks. Hybrid approaches that combine reana-
lysis, satellite, and in situ data enhance confidence in yield estimates and are
particularly valuable in data-sparse regions. Ensemble modeling and
probabilistic output should be directly incorporated into financial risk
assessments, supporting more resilient investment strategies. Policymakers
and regulators can foster best practices by mandating the use of validated
datasets, supporting transparency in modeling approaches, and promoting
access to high-resolution climate and energy data. Investments in training,
standardized tools, and open-access platforms will further empower sta-
keholders to make informed decisions.

Looking ahead, the integration of griddedmeteorological datasets into
renewable energy assessment is poised to deepen as both the energy sector
and climate science evolve. Emerging reanalyses withfiner spatial scales and
enhanced data assimilation will help bridge current gaps in representing
complex terrain, coastal processes, and cloud dynamics, thereby reducing
uncertainties that remain persistent in wind and solar yield modeling.
Parallel advances in satellite missions—particularly those resolving
aerosol–cloud interactions and land–atmosphere coupling—offer the pro-
spect of improved irradiance estimates and better harmonization between
observational and model-based products.

Another major direction concerns the coupling of energy system
modeling with physically consistent climate projections. As long-term
planning increasingly accounts for climate risk, yield assessments will need
to incorporate multi-model ensembles, explicit representation of low-
frequency variability, and bias-aware downscaling methods that maintain
the coherence between meteorological drivers of both energy production
and energy demand. Future work should also address feedbacks of large-
scale renewable deployment on the atmosphere, which current gridded
datasets typically omit but may become non-negligible in regions of high
wind or solar penetration.

Methodological innovations are equally important. Hybrid frame-
works that fuse reanalysis, satellite data, machine-learning emulators, and
sparse in situ observations hold promise for operationalizing uncertainty
quantification and delivering more resilient P50/P90 indicators. As the
industry shifts toward real-time monitoring and adaptive forecasting, the
boundary between “resource assessment” and “resource management” will
continue to blur, encouragingmodeling approaches that are dynamic rather
than strictly pre-construction focused.

Finally, as open-access platforms and standardized tools proliferate,
community-driven benchmarking and reproducibility standards will
become central to ensuring trust in energy-yield calculations. Strengthening
these shared infrastructures will be essential not only for project develop-
ment but also for fostering equitable access to high-quality renewable
resource information in regions where measurement networks remain
sparse.

In conclusion, the reliable assessment of renewable energy potential
using gridded datasets requires coordinated attention to data quality,
modeling methodology, uncertainty treatment, and communication. By
adopting these best practices, energy developers, researchers, and decision-
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makers can enhance the credibility of their assessments and reduce
financial risk.
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