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Abstract—The increasing demand for electricity due to the
expansion of data centers necessitates a more integrated and
diverse generation mix to improve overall grid reliability and
resilience. Wind energy, with its temporal complementarity to
solar PV generation, may contribute to meeting this rising
demand. A spatiotemporal assessment framework that leverages
publicly available datasets to identify technically and spatially
suitable sites for wind turbine deployment and energy generation
is presented in this study. The framework employs four comple-
mentary metrics: capacity factor (CF), and three novel metrics,
land-use efficiency (LUE), substation suitability index (SSI), and a
composite wind site suitability index (WSSI) to evaluate resource
potential, land productivity, and grid accessibility. By aligning
wind generation patterns with regional demand variations and
grid hosting capacity, renewable deployment can be strategically
distributed near emerging data center clusters, thereby reducing
transmission losses and enhancing load balancing. A case study of
the Commonwealth of Kentucky demonstrates the framework’s
practical application, integrating wind resource datasets, land
cover information, predefined exclusion zones, and existing power
grid infrastructure. The results reveal substantial land avail-
ability suitable for wind turbine installation and indicate that
the Commonwealth possesses sufficient potential to contribute
toward meeting its regional annual energy demand, particularly
under configurations in which energy storage is expected to
complement wind generation.

Index Terms—rid-integrated renewables, land-use efficiency,
load dynamics, power system planning, spatiotemporal analy-
sis, hosting capacity, turbine technology, wind energy potential
assessment.rid-integrated renewables, land-use efficiency, load
dynamics, power system planning, spatiotemporal analysis, host-
ing capacity, turbine technology, wind energy potential assess-
ment.G

I. INTRODUCTION

The growing demand for electricity, driven by energy-
intensive computing infrastructures, particularly data centers,
is reshaping spatial and temporal load profiles. These fa-
cilities, often sited based on land availability and access
to grid infrastructures, operate at high capacity and require
uninterrupted power supply [1]. As their presence expands
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across the grid, the need for reliable, spatially aligned, and
temporally responsive power delivery becomes important in
planning frameworks.

Wind energy, characterized by its temporal complementarity
to solar generation, may contribute to supporting this rising
demand [2]. When strategically integrated, it may diversify
the generation mix and enhance grid resilience, particularly
when sited near major load centers such as data center
clusters. To realize this potential, a detailed understanding
of spatial wind resource variability and temporal generation
patterns is required. Spatiotemporal assessment frameworks
are therefore essential to identify technically suitable and
strategically located wind sites that align resource potential
with grid accessibility, land availability, and evolving regional
demand profiles.

Latinopoulos et al. proposed a GIS-based multi-criteria
framework for wind farm siting, with limited consideration
for temporal demand variability, power operational constraints,
and wind resource dynamics [3]. The study by Siyal et al., also
presents a GIS-based estimation of onshore wind potential that
incorporates environmental and land-use constraints neglecting
electricity demand and power grid operational dynamics [4].

Recent advances, including the work by Lopez et al., embed
turbine technology, spatial density scaling, and land-use inter-
actions, enhancing the specificity and practicality of capacity
assessments [5]. While these advancements have improved the
practical relevance of wind energy assessments, many still
emphasize static spatial feasibility, neglecting the temporal
dynamics of wind resource availability, grid conditions, and
evolving demand patterns.

Harrison-Atlas et al. advanced localized wind power po-
tential assessment by employing a machine-learning-based
framework to generate high-resolution spatial predictions of
capacity densities [6]. Similarly, Dai et al. proposed a machine
learning approach to integrate geospatial analysis in assessing
spatial distribution of wind energy capacity potential [7]. The
work by Alden et al. presented an approach to assess the
spatiotemporal capacity potential of DERs with applied EOFs
and max-p unsupervised learning techniques to identify zones
of similar output power [8]. Considerations for power grid
and demand variability constraints are not integrated in the
methodologies proposed in these studies.

A GIS-based intuitionistic fuzzy logic is proposed by Sahin
et al. that provides an uncertainty-aware approach for hybrid
solar-wind site selection [9]. Likewise, Demir et al. presents
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Fig. 1. Experimental setup at the PPL Renewable Energy Integration Research Facility, located at the E.W. Brown Generation Station. The site integrates a
utility-scale wind turbine, a 1 MW/2 MWh Battery Energy Storage System, and a utility-scale solar PV array for renewable generation and grid-integration
studies. The inset highlights the BESS installation, including the power conversion system, variable load bank, and 13.8kV/480V transformer configuration.

Fig. 2. Wind turbine power–speed curves for low- and high-wind-speed
turbines, illustrating how different designs optimize energy capture across
varying wind regimes and highlighting the distinct operational characteristics
that define each turbine class.

a GIS-based fuzzy MCDM by integrating F-SWARA and
F-MARCOS methods in ranking wind farm locations using
environmental and infrastructure factors [10]. Key limitations
shared by both are the reliance on static wind speed datasets
and expert driven weights to quantify each siting criteria.

Complementary to spatial models, Yu et al. proposed a
probabilistic methodology by using spatiotemporal quantile
regression algorithm in predicting regional wind power [11].
A hybrid spatiotemporal probabilistic framework is presented
by Arrieta-Prieto et al. that combines temporal modelling
with support vector regression and employs DVINE copula
to represent spatial dependence [12]. Both probabilistic ap-
proaches estimate wind generation independently of power
system infrastructure and demand dynamics.

Beyond resource characterization, grid-aligned siting ap-
proaches now consider power network integration and
demand-driven deployment. Spatial models that incorporate
location close to substations, proximity to transmission lines,
and load distribution pose more operationally feasible siting
options [13]. Planning-level innovations like renewable energy

Fig. 3. Yearly wind-speed profile at the experimental site with minutely
resolution. Dotted lines mark meteorological seasons, with evening periods
showing consistently higher wind speeds.

priority zones co-optimize technical feasibility with policy
and infrastructure constraints. Such developments suggest a
shift from stand-alone resource potential evaluation to system-
centric deployment models [14].

Despite significant progress, few studies adequately address
the interrelationship of technology advancement, temporal
variation of resource and power demand, grid connectivity,
and land-use efficiency. Most frameworks are constrained to
spatial or temporal domains or simplify transmission consid-
erations to geometric proximity. This gap highlights the need
for comprehensive, spatiotemporally resolved frameworks that
collectively assess site suitability, resource profiles, grid con-
nectivity, and load dynamics.

This paper advances the spatiotemporal wind energy assess-
ment framework proposed by Kyeremeh et al. through three
key methodological enhancements [13]. First, a substation
suitability index (SSI) is developed to enable grid-aware siting
by integrating voltage level as a proxy for hosting capacity
and incorporating distance-decay effects to represent intercon-
nection feasibility. Second, a technology- and land-sensitive
resource evaluation combines capacity factor (CF) and land-
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Fig. 4. Example comparison between the measured and estimated power
for the experimental wind turbine illustrating the successful validation of
computational procedures.

Fig. 5. Status profile of the Vestas V163 at the experimental site, showing
ON/OFF operation over daily cycles. White areas indicate turbine operation,
while black areas mark downtime. The plot captures seasonal variability and
diurnal patterns in turbine availability under site-specific wind conditions.

use efficiency (LUE, GWh/km²) to quantify spatial energy
productivity while accounting for turbine performance and
land constraints. Third, a composite wind site suitability index
(WSSI) aggregates SSI, CF, and LUE within a multi-criteria
ranking framework to provide a measure of wind development
potential. Collectively, these metrics integrate infrastructure
accessibility, turbine technology improvements, and spatial
efficiency into a unified spatiotemporal model, establishing
a robust decision-support tool for grid-aligned and resource-
efficient wind energy planning.

The remainder of this paper is structured as follows. Section
II presents the experimental setup and site-specific wind en-
ergy potential assessment, describing the study site, turbine
specifications, and data used for the analysis. Section III
introduces the analytical framework for evaluation of wind site
suitability, specifying the data sources, preprocessing steps,
exclusion scenarios, and the definitions of evaluation metrics.
Section IV provides experimental validation through a case
study estimating grid-integrated potential of wind energy in
the Commonwealth of Kentucky, USA. Section V discusses
the results, insights, and implications for planning and policy.
Finally, Section VI concludes the paper by summarizing the
key findings and describing potential areas for future studies.

Fig. 6. Example daily power output of the low wind speed Vestas V163
IEC IIIB turbine at the experimental site, illustrating the relationship between
measured wind speed and corresponding turbine output power

Fig. 7. Distribution of annual wind speed hours and corresponding annual
energy generation at the experimental site. The shaded region highlights the
effective operating range of the turbine, where maximum energy generation
is concentrated.

II. EXPERIMENTAL SETUP AND SITE-SPECIFIC WIND
ENERGY POTENTIAL ASSESSMENT

The PPL Renewable Integration Research Facility (Fig. 1) at
the E.W. Brown Generation Station serves as the experimental
platform for this study. The site comprises a utility-scale
solar photovoltaic (PV) array, a 1MW/2MWh lithium-ion
battery energy storage system (BESS), a wind turbine, and an
integrated weather monitoring station. This hybrid renewable
testbed offers a unique environment for assessing site-specific
wind energy potential and analyzing the operational dynamics
of multi-source renewable grid integration.

The experimental utility-scale wind turbine installed at the
E.W. Brown site is a Northern Power Systems NPS 100C-
27, a 100kW permanent-magnet direct-drive machine, which
features a 27.4m rotor diameter, 36.6m hub height, and an
upwind three-blade configuration compliant with IEC 61400-
1 Class S standards. The turbine operates with variable-speed
stall control, cutting in at approximately 2.5m/s and rated at
11m/s, with a cut-out of 20m/s as shown in Fig 2.

The wind speed, illustrated in Fig. 3, was measured using
a precision and accurate anemometer placed at a standard
height of 10m [15]. The data was then scaled, using well
established procedures including equation in (1), for the hub
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Fig. 8. Framework for the spatiotemporal wind energy potential assessment. The workflow includes (a) data collection and wind speed scaling using terrain
information from the land cover dataset, (b) application of land-use and grid infrastructure exclusions, (c) turbine siting and energy estimation, and (d)
development of novel composite metrics and spatial evaluation through the Wind Site Suitability Index.

height corresponding to the NPS 100C existing experimental
prototype and to the large scale Vestas V163-4.5MW (IEC
IIIB) proposed turbine, respectively as described in [16]:

VZhub
(t) = VZr

(t)

(
Zhub

Zr

)α

, (1)

where VZhub
is the wind velocity at turbine hub height, Zhub,

and VZr the velocity at the reference measurement height. The
surface roughness coefficient, denoted as α, is assigned a value
of 0.15 to represent the prevailing land cover characteristics at
the research facility site [17]. The data for the wind speed and
electric power for the existing experimental wind turbine was
also used to validate the computational procedures, achieving
a satisfactory range of +/− 10%, as illustrated in Fig. 4.

The annual status profile, shown in Fig. 5, illustrates the
V163 turbine ON/OFF operation governed primarily by the
availability of adequate wind speeds. Continuous operation
occurs when wind velocities lie within the turbine’s designed
range, while downtime may result from wind speeds falling
below the cut-in threshold or exceeding the cut-out limit. This
temporal variability may indicate the diurnal and seasonal
fluctuations characteristic of low-wind-speed environments.

An example daily wind speed profile and corresponding
power output are shown in Fig. 6. The observed consistency
between wind variations and power response suggests that
the turbine could operate optimally within its intended design
envelope under the site’s wind conditions.

The distribution of annual wind speed hours and corre-
sponding energy generation is shown in Fig. 7. The shaded
region represents the effective operating range of the tur-
bine, where the highest frequency of wind speed occurrences
and maximum energy yield are concentrated. This alignment
between the available wind resource and turbine efficiency
indicates that the V163 turbine may be suitably matched to
the site.

III. ANALYTICAL FRAMEWORK FOR SPATIOTEMPORAL
WIND ENERGY EVALUATION

This section presents a regional-level spatiotemporal assess-
ment of wind energy potential, incorporating spatial variability,

temporal dynamics of wind speed, and the availability of
existing grid infrastructure. The overall methodological frame-
work guiding this assessment is summarized in the flowchart
provided in Fig. 8. Hourly wind data with a spatial resolution
of 50km x 50km at an altitude of 50m shown in Fig. 9(a), was
obtained from the open source NASA Earthdata Pathfinder
MERRA-2 reanalysis climate dataset [18]. MERRA-2 was se-
lected because it provides a climate-consistent, multi-decadal
atmospheric record generated using a stable data assimila-
tion framework that reduces spurious trends associated with
changes in observing systems [19].

A 50km × 50km resolution is considered sufficient for the
objectives of this study, which emphasize regional-scale spa-
tiotemporal assessment and planning-level analysis rather than
site-specific micro-siting. At this scale, dominant atmospheric
drivers of wind variability are adequately captured, and finer
spatial resolution may not affect regional patterns or planning-
relevant conclusions.

The availability of land suitable for wind farm deployment,
which is primarily determined by land use characteristics,
is a critical factor in wind energy development [20]. This
study employs land cover data from the National Land Cover
Database (NLCD), illustrated in Fig. 9(b), which provides
classifications at a 30m × 30m resolution [21].

To identify suitable locations for turbine siting, specific land
cover types and infrastructure elements were excluded based
on environmental, regulatory, and industry criteria. Excluded
areas include water bodies, roads, highways, railways, pro-
tected forests, airports, urban zones, transmission lines, and
electrical substations. Buffer zones were applied around these
features to account for safety requirements and standard siting
practices, as shown in Fig. 10(a). The spatial application of
the exclusion criteria yields the available land illustrated in
Fig. 10(b).

It is essential to consider turbine array spacing when esti-
mating the number of turbines deployable on an available land,
as improper layout may increase wake losses and structural
fatigue [16]. The spacing formulation originally presented
in [17] is modified in this study to incorporate additional cor-
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Fig. 9. Spatial distribution of wind speed at 50m for the example region of Kentucky, at a selected time of day (a), obtained from the open source NASA
EarthData Pathfinder dataset. The land-use and land-cover classifications (b), from the National Land Cover Data, is presented with the accompanying pie
chart summarizing the relative share of each category. Together, these maps illustrate the spatial variability of wind resources and land use constraints relevant
to wind energy assessment.

rection parameters accounting for practical siting constraints:

N =

[
Aeff · ηpack · ηmicro

Sx · Sy ·D2

]
, (2)

where Aeff is the exclusion-adjusted parcel area, Sx and Sy the
spacing multipliers within and between rows, respectively, D
the rotor diameter, ηpack accounts for geometric inefficiencies
due to irregular land shapes, and ηmicro corrects for practical
siting constraints such as roads and maintenance access. As
previously discussed, the turbine power–speed curve relation-
ship is applied to estimate the annual wind energy production
of individual turbines across grid cells defined by latitude (x)
and longitude (y), as [17]:

Eactual(x, y) =

∫ T

0

Pw(Vx,y(t))dt, (3)

where Eactual(x, y) represents the energy output of a single
turbine within a grid cell, T is the observation duration,
and Pw(Vx,y(t)) denotes the turbine power as a function of
time-varying wind speed. Owing to temporal variations in
wind velocity, the actual energy yield constitutes a fraction
of the theoretical maximum output, expressed as the capacity
factor [17], and computed as:

CF (x, y) =
Eactual(x, y)

PR × 8760
, (4)

where CF (x, y) is the capacity factor of a grid cell, Eactual

the actual energy delivered in the considered grid cell, and
PR the turbine’s rated power. To complement the temporal
assessment provided by the capacity factor, land-use efficiency
is used to evaluate the spatial efficiency of candidate wind
energy sites. LUE quantifies the annual energy generated per
unit area of land occupied by turbines and is defined as:

LUE(x, y) =
Eactual(x, y)

Aturbine
, (5)

where LUE(x, y) is the land-use efficiency of a grid cell and
Aturbine the area allocated per turbine.

The viability of a wind site depends not only on resource
availability and turbine technology but also on the feasibility
of power grid interconnection. To capture this grid-related di-
mension of site assessment, a substation suitability index (SSI)

is introduced, which is quantified through a composite index
that reflects both the technical compatibility of a substation
and its spatial accessibility.

This metric is expressed as a weighted product of substation
capacity and distance suitability terms:

SSI = (Scap(V sub))α · (Sdist(d))
β , (6)

where Scap(V sub) quantifies the adequacy of the substation’s
voltage rating Vsub for large-scale integration serving as
a proxy for transformer capacity and overall grid hosting
strength. In the absence of publicly available transformer
ratings, nominal voltage may serve as a reliable indicator of
the substation’s inherent ability to accommodate high-power
injections, as higher-voltage substations are typically designed
for greater power transfer capacity [22], [23]. Sdist(d) rep-
resents the penalty associated with the geographic distance
d, between the substation and the wind site. The exponents
α and β serve as weighting factors that reflect the relative
importance of voltage strength versus distance minimization
in a given planning context.

The capacity suitability score is modeled using Hill’s func-
tion, a type of Sigmoidal function, that increases monotoni-
cally with voltage [24]:

Scap(V ) =
1

1 +
(
V50

V

)n , (7)

where V50 represents the characteristic voltage at which suit-
ability is 0.5, and n controls the steepness of the transi-
tion. This formulation ensures that substation suitability rises
rapidly as voltage exceeds the mid-capacity threshold but
gradually saturates for very high voltages.

The distance suitability reflects the decline in feasibility as
the transmission lines lengthens, modeled with an exponential
decay:

Sdist(d) = exp

(
− d

d0

)
, (8)

where d0 is a characteristic decay parameter. Smaller d0
values penalize distance more severely, reflecting planning
contexts where interconnection costs are highly sensitive to
transmission line length.

A composite wind site suitability index is proposed to



KYEREMEH et al.:, SPATIOTEMPORAL WIND ENERGY POTENTIAL ASSESSMENT 6

Fig. 10. Land cover types and facilities excluded from the land cover data (a), in evaluating suitable land for wind turbine deployment. Spatial application
of these exclusion criteria (b) across the study region demonstrates the reduction in available land. Suitable land for wind turbine siting after application of
the exclusions is about 77 × 103 km2 , which is approximately 73% of the region’s total land area.

Fig. 11. Spatial distribution of (a) available land area for turbine deployment after applying siting exclusions, and (b) estimated turbine units per grid cell under
maximum (left) and minimum (right) spacing configurations. The difference between spacing scenarios is highlighted by the color gradient, with minimum
spacing allowing significantly higher turbine density across much of the state.

TABLE I
SUMMARY OF SITING EXCLUSION CRITERIA AND BUFFER DISTANCES

Exclusion Buffer Zone
Description (if applicable)

[m]

National roads, railways, and highways 300
Water bodies 300
Urban areas 1000
Transmission lines and substations 200
Airports 2500
Military installations –
Administrative forests 1000
Slope > 25% –
Mountainous areas –

provide an integrated metric for assessing the overall suit-
ability of potential wind energy sites. The index combines
three dimensions of performance: turbine output, land-use
efficiency, and grid accessibility, into a single quantitative
measure. It is expressed as a multiplicative aggregation of three
normalized indicators, capacity factor, land-use efficiency, and
substation suitability index, expressed as:

WSSI = CF wCF
n × LUE wLUE

n × SSI wSSI
n (9)

where CFn, LUEn, and SSIn denote the normalized capacity
factor, land-use efficiency, and substation suitability index,
respectively, and the non-negative weights wCF, wLUE, and
wSSI sum up to unity.

The CF and SSI indicators are inherently normalized by

design in equations (4) and (6)-(8). In contrast, LUE is
normalized using a percentile-based min-max transmformation
expressed as:

LUEn =
LUE − P5

P95 − P5
, (10)

where P5 and P95 denote the 5th and 95th percentiles of the
LUE distribution across all grid cells.

Following normalization, the weighted aggregation is ap-
plied across grid cells, using weights selected for this case
study to reflect transmission-level planning considerations,
with greater emphasis placed on resource adequacy, followed
by grid accessibility, and then spatial efficiency. These values
remain bounded with [0-1] and are ranked in descending order,
with higher WSSI indicating greater overall site suitability.

The matching of wind power generation and electric net-
work loading may serve as an indicator of the need for an
energy storage system [25]. The Pearson correlation coefficient
is employed in this work to quantify load matching, i.e. the
capacity of wind energy generation to meet demand, and is
estimated as [26]:

A = T

T∑
t=1

(PwtPLt)−
(

T∑
t=1

Pwt

)(
T∑

t=1

PLt

)
, (11)

B =

T T∑
t=1

P 2
wt −

(
T∑

t=1

Pwt

)2
T T∑

t=1

P 2
Lt −

(
T∑

t=1

PLt

)2
 , (12)

LM =
A√
B
, (13)
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Fig. 12. Spatial distribution of (a) Substation Suitability Index (SSI), (b) Land-Use Efficiency (LUE), and (c) Capacity Factor for the Vestas V163 (IEC IIIb)
turbine across Kentucky. Distinct spatial patterns of grid accessibility and land productivity are observed, while (c) shows variations in regional wind potential
with both grid-based and point-specific capacity factors from weather stations A–F.

Fig. 13. Wind Site Suitability Index, with 1 being the highest suitability,
across Kentucky, combining substation suitability, land-use efficiency, and
capacity factor to identify regions where grid accessibility, land availability,
and wind resource potential align for optimal turbine deployment.

where LM is the load matching metric, T the timespan, Pw the
generated wind power, and PL the demand. Regional energy
storage requirements may be estimated from the wind potential
assessment by analyzing annual supply-demand imbalances.
The power deficit and excess generation for the study region
are quantified through systematic evaluation of the temporal
mismatch between wind availability and electricity demand,
formulated as:

PIM =

{
deficit if PL − Pw > 0

excess if PL − Pw < 0,
(14)

where PIM is the power imbalance, PL the demand, and Pw

the generated wind power.

IV. CASE STUDY: ASSESSING WIND ENERGY POTENTIAL
IN KENTUCKY, USA

The proposed wind energy assessment framework is applied
to the Commonwealth of Kentucky to evaluate the state’s wind
resource potential, land-use suitability, and grid accessibil-
ity for prospective wind energy development. Barren land,
shrub/scrub, herbaceous, hay/pasture, and cultivated crops
were chosen as suitable land cover types for onshore wind
deployment, as per the criteria detailed in [27].

Buffer zones were applied to exclude areas unsuitable for
wind turbine installation, including national roads, railways,
highways, water bodies, urban and built-up areas, transmission
lines, substations, airports, and administrative forests. In addi-
tion to these, areas such as military installations, steep slopes
greater than 25%, and mountainous regions are excluded.

The corresponding buffer distances for each exclusion cate-
gory are summarized in Table I. These setback values were
chosen within ranges reported by relevant regulatory and
standards bodies, as well as those reported in regional siting
assessment studies in the literature [5], [28], [29]. These exclu-
sions are applied to the publicly available land cover dataset,
resulting in approximately 73% of Kentucky’s total land area
remaining available for potential wind energy development, as
illustrated in Figs. 10(b) and 11(a).

Within this case study, the 4MW Vestas V163 turbine,
designed for low-wind-speed applications in accordance with
IEC standards, was selected with a hub height of 140m. The
area required per turbine was determined using a rectangular
array configuration as described in (2). Two spacing scenarios
were evaluated: ((Sx, Sy) = (3, 5)) and ((Sx, Sy) = (5, 9)),
corresponding to the minimum and maximum turbine spacing
configurations [17]. To account for geometric inefficiencies
and practical siting needs, additional factors of 0.95 and 0.9
were applied to the available land after exclusions. As shown
in Fig. 11(b), the minimum spacing configuration accommo-
dates significantly more turbines across the available land and
was therefore adopted for subsequent analyses.

The spatial variation of substation suitability and land-use
efficiency is presented in Fig. 12(a) and (b), respectively. As
illustrated, higher substation suitability scores are concentrated
in the northern regions of the state, which indicate enhanced
grid integration potential and may be due to the presence of
adequate grid infrastructure. High land-use efficiency values,
shown in Fig. 12(b), occur primarily in southwestern regions,
where large, contiguous land parcels remain available after
applying exclusion criteria and where wind conditions may
support efficient turbine deployment.

The spatial distribution of capacity factors across grid cells
for the spatiotemporal analysis and the site-specific values
estimated from six weather stations [15], are presented in Fig.
12(c). The site-specific estimation, suited for micro turbine
siting, present higher values - ranging from about 20% to 40%.

The limited spatial overlap between high land-use efficiency
and high substation suitability areas, along with spatial vari-
ability in capacity factors, highlights the value of applying
the previously defined WSSI. As shown in Fig. 13, the
index captures the trade-offs among these dimensions, guiding
planners toward regions that offer a balanced potential for
wind energy development across the state.
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Fig. 14. Seasonal load matching of wind power generation within the grid cell
with the maximum generation. The variability and range of power deficits,
depicting magnitudes and instances of supply imbalances, are also shown.

Power imbalance and load matching of wind turbine gen-
eration for the considered region is illustrated in Fig. 14.
For use with the described procedure, aggregated publicly
available hourly demand data, obtained from the U.S. Energy
Information Administration [30], was disaggregated based on
the population density of each defined grid cell. The hourly
power deficit, which is the difference between generated wind
power and system load, identifies peak imbalances and critical
periods of the day needing grid stability management by
system operators.

Load matching index across seasons, reveals important
insights into how wind energy generation can effectively match
the variation in demand throughout the year. Alternate sources
like energy storage systems can be employed by utilities to
store or deliver energy during mismatch periods.

For the example region, a moderate matching was found
for both seasons and across the day, the strongest occurring
at night times during the summer. Night-time wind generation
at this location serves to complement solar PV output that is
mostly available during the day to meet load or charge energy
storage systems after high imbalances in the evening.

V. DISCUSSION

The rapid expansion of data centers, with their high and
continuous energy demands, underscores the need for a re-
liable and diversified energy mix. Wind energy, particularly
when integrated with solar PV, offers a complementary and
geographically distributable solution that enhances grid relia-
bility and flexibility [2], [31]. By aligning spatiotemporal wind
assessments with regional demand and grid hosting capacity,
renewable deployment can be strategically distributed near
data center clusters, which may reduce transmission losses and
improve load balancing.

Accurate estimation of wind energy generation potential
becomes essential, not only for power system planning but
also for informing utility investment decisions and state-
level policy formulation [32], [33]. Spatiotemporal assessment
frameworks, such as the one presented in this study, may
enable the identification of technically viable sites for wind
turbine deployment, especially in regions classified as low-
wind-speed zones.

The potential for wind energy generation is inherently deter-
mined by the combination of natural resources, i.e. adequate
wind speeds and suitable land, and the availability of wind
turbine technology. Recent advancements in wind turbine
design, particularly the introduction of large rotor diameter and
high tip height turbines, significantly enhance efficient energy
generation in low and very low wind speed areas. These tech-
nological developments have increased wind energy generation
potential across regions previously considered unsuitable for
such installations [34]–[37].

In applying the proposed method in this paper to other re-
gions, turbine selection should be guided by the corresponding
international wind classification standards, ensuring that the
chosen turbine aligns with the region’s characteristic wind
speed class [38]. The Delta Wind project, with about 40
Vestas V150 low wind speed turbines, sited in Mississippi - a
low wind speed region, exemplifies recent expansion of wind
energy developments [39].

To support wind energy integration, a robust power system
grid, with sufficient substation and transmission capacity, is
important [40]. The spatial alignment between high-quality
wind resource zones and existing grid infrastructure strongly
influences the cost-effectiveness of new projects. In addition
to technical considerations, national and local regulations on
wind turbine siting, designed to address issues including, land
use policies, environmental impact, noise restrictions, flight
zones, access to restricted areas, and visual impact, must be
adhered to.

Incorporating high-resolution spatial and temporal electric-
ity demand may improve the alignment of wind generation
characteristics with dynamic load profiles and transmission
network constraints. This study represents an ongoing research
that includes the integration of high resolution load data and
extends the proposed framework through geospatial optimiza-
tion to identify suitable sites for the co-location of data centers
and wind energy resources.

VI. CONCLUSION

This study presented a spatiotemporal framework for assess-
ing wind energy potential using publicly available datasets to
identify technically and spatially suitable sites for wind turbine
deployment. The framework integrates four complementary
metrics: capacity factor (CF), land-use efficiency (LUE), sub-
station suitability index (SSI), and the composite wind site
suitability index (WSSI) to jointly evaluate resource potential,
spatial productivity, and grid accessibility.

By aligning wind generation patterns with regional demand
variations and substation hosting capacity, the framework en-
ables strategic placement of renewable generation near emerg-
ing high-power-intensive loads, such as data center clusters,
thereby reducing transmission losses and improving system
load balancing. Seasonal analysis of wind power generation
and electrical demand further highlights the potential for gen-
eration–demand complementarity across different time scales.
Site-specific assessments, based on high-resolution meteoro-
logical station data, enable quantification of localized wind
resource variability and informing turbine selection.
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The proposed framework provides policymakers, utilities,
and developers with a practical and data-driven decision-
support tool for guiding wind power investment and integration
strategies. Application of the framework to a regional case
study in Kentucky demonstrates its ability to quantify suitable
land availability for wind turbine deployment and estimate
its contribution toward meeting annual energy demand. These
findings underscore the framework’s value in advancing grid-
aware, land-efficient, and demand-responsive renewable en-
ergy planning, particularly for low-wind-speed regions.
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