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A B S T R A C T

China has great potential for developing renewable energy to achieve its carbon neutrality goals. Orderly
development of renewable energy is essential to enhance resource utilization efficiency and ensure safety during
the energy system transition process. This study presents a thorough assessment of China’s onshore wind power
potential by considering the land suitability, the potential and temporal characteristics, and the impacts of
climate change. The high-resolution maps combining wind resources with land conditions and climate scenarios
are produced to provide insights into system planning, grid integration, and flexibility management. The results
show that the capacity potential of onshore wind energy in China is 9.6 TW with an annual generation of 12.6
PWh, and 83 % of total capacity has a cost advantage with the levelized cost lower than the 60 $/MWh threshold.
By comprehensively considering geographical, economic, and social criteria, around 8.1 % of the national ter-
ritorial area is identified as the most suitable area for wind power development, primarily in Inner Mongolia and
Xinjiang. The annual electricity generation from these areas can fulfill nearly 69 % of the nation’s electricity
demand. Future climate change projections indicate a remarkable generalized drop by 18 % in the north and a
slight increase by 7 % in the south under the RCP 8.5 scenario. However, significant changes in wind resources
are mostly within restricted areas, suggesting that future climate change would like to bring negative but limited
impacts on wind power production in China.

Nomenclature
Abbreviation
AHP Analytic hierarchy process
CMIP Coupled Model Intercomparison Project
GCMs General circulation models
LCOE Levelized cost of energy
MCDM Muti-criteria decision-making
RCoV Relative coefficient of variation
RCPs Representative concentration pathways
SSPs Shared Socioeconomic Pathways
WPD Wind power density
Notation
α wind shear exponent
cj a binary variable, if the cell belongs to restricted factor j, cj is 0; otherwise,

cj is 1
EL he episode length of wind energy
EP the generated electricity

(continued on next column)

(continued )

I initial construction cost
ki the score for criteria i
LF lifetime of the technology
LL the lulls of wind energy
LSI land-use suitability index
OM operation and maintenance cost
Pr the rated power of wind turbine
r the discount rate
T the number of hours in the period
TR the duration of ramp events
vc cut-in wind speed
vf cut-out wind speed
vm observed wind speed
vr rated wind speed
vw wind speed at the hub height
wi weight of criteria
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(continued )

ρ air density
λ the duty ratio of ramp events

1. Introduction

In 2022, China’s total energy consumption reached 159.39 EJ, so-
lidifying its position as the foremost primary energy consumer [1]. A
significant transition in power systems from conventional fossil fuels to
renewable energy sources is an essential way to address the contradic-
tions of energy security and socio-economic development. Due to tech-
nological advancements, sustained price reductions, and large-scale
deployment capacity, wind and solar are the most competitive forms of
renewable energy. By the end of 2022, wind and solar power capacity in
China were 365.4 GW and 392.6 GW respectively. The proportion of
both accounts for 30 % of the national installed capacity [2]. However,
the corresponding power generation accounts for only 13.6 % of the
total [3]. The Chinese government will further enhance the utilization of
wind and solar energy to ensure energy security and achieve the 2060
carbon neutrality goal.

Existing studies suggest that China has great potential in renewable
energy to facilitate the zero-carbon transformation of the power system,
while the practical development of wind and solar energy is intricate.
The planning and construction of wind farms should consider various
factors, including geographical andmeteorological conditions, as well as
existing infrastructure. China’s vast land area, totaling 9.6 million km2

and divided into six climate zones and a plateau climate zone, provides
abundant wind resources with significant regional variations due to its
complex terrain. Among these factors, meteorological conditions,
especially wind resources, play a crucial role in making optimal strategic
decisions for the deployment of wind power. In the context of climate
change, future fluctuations in wind speed may have potential impacts on
optimal strategic deployment. Moreover, regarding the important role of
land resources in ecology, food security, social and economic activities,
and the human living environment, it is crucial to systematically and
moderately identify the most suitable land for the development and
utilization of wind resources. Studying the impacts of climate change on
wind speed, evaluating wind resource potential, and assessing land
suitability separately fall short of providing a comprehensive decision-
making perspective for the national strategic planning of wind
resource development and utilization in the face of climate change.
Consequently, a high-resolution potential and temporal characteristic
assessment of wind energy combining land-use suitability consider-
ations and future climate change scenarios is desired.

2. Literature review

This section provides an overview of wind energy potential evalua-
tion, suitable location assessment for wind farms, and wind resource
variations under climate change. In addition, a specific review is pre-
sented to report the updated information on wind energy potential
assessment in China.

2.1. Wind energy potential and suitable locations

A thorough potential evaluation and feasibility assessment of wind
power is crucial for both policymakers and investors. Several studies
were carried out to assess wind energy potential at the global [4], na-
tional [5], region [6], province [7], and island scale [8]. In some early
studies, wind energy potential was roughly assessed by only considering
a threshold for the resource intensity (wind power density less than 200
W/m2 or wind speed less than 5 m/s). However, except for the wind
resource conditions, technological advances, geographical conditions,
and ecological environment constraints also exert significant impacts on
the real potential of wind energy by considering economic feasibility

and sustainable development. Technological advancements have
enabled wind turbines to operate in areas with lower resource intensity
and enhanced efficiency, exemplified by increased hub height and rotor
diameter. Land cover is also a major factor influencing the site selection
of wind farms. The supply cost of wind power is a key indicator to
determine whether it is economically feasible to build wind farms, and it
has been reported that there is obvious spatial heterogeneity due to
various meteorological conditions and land use. Neglecting these factors
typically leads to an overestimation of wind resources. Lately, increasing
work has focused on the geographic, technical, and economic potential
of wind power. These findings contribute to a more thorough potential
analysis, elucidating the constraints on the availability of wind re-
sources. For example, Jung et al. [9] estimated both the meteorological
and technical potential of wind energy under six installation scenarios at
the national and global scale. Jain et al. [5] conducted a geographical
and techno-economic assessment of the solar and wind power potential
in India. Enevoldsen et al. [10] reported that, when accounting for
socio-technical constraints, 54 % of the total European area is limited to
new onshore wind development. Mattar and Guzmán-Ibarra [11]
investigated the offshore wind energy potential in Chile, assessing both
its technical and economic feasibility. They computed various economic
indicators, such as the net present value, internal rate of return, lev-
elized cost of energy, and payback time. Nevertheless, when assessing
the potential of wind energy, the inherent uncertainty should never be
ignored, which is sourced from the adopted weather database, land
utilization, and wind turbine configuration [12]. Rinne [13] stated that
wind turbine technology and land use are the most significant assump-
tions affecting the potential estimation.

The majority of studies indicate that the available wind resources
significantly surpass both present and projected future energy con-
sumption levels [14]. Therefore, choosing suitable locations for wind
farms is essential to achieve sustainable development of wind energy.
Multi-criteria decision analysis approach combining the GIS tool has
been seen as an effective method to evaluate suitable locations, by
providing a visible suitability map [15]. Under the framework of
multi-criteria decision analysis, a series of incompatible criteria are
considered for selecting the optimal site of the wind farm, usually
including technical, environmental, economic, and geographical stan-
dards [16]. In this process, the weighting of indicators is a crucial factor
influencing the decision. The analytic hierarchy process (AHP) method
has been widely applied for determining the weight of criteria due to its
comprehensible logic and rapid implementation [17]. Alternative
methods such as the best-worst method [16], the technique for order
preference by similarity to the ideal solution [18], and VIsekriterijumsko
KOmpromisno Rangiranje [15] have been employed in some studies.

2.2. Wind resource variations under climate change

Due to ongoing anthropogenic greenhouse gas emissions altering
atmospheric circulation and the global climate, considerable focus has
been placed on assessing the potential influences of climate change on
renewable energy resources [19]. Climate models, mainly the general
circulation models (GCMs) and statistically downscaled output from
several GCMs, are employed to examine the effects of climate change on
both wind resources and the generation of wind power [20]. The pro-
jection results are influenced by the assumptions used in climate
modeling, for example, the boundary conditions, and the scenarios of
climate change. Climate modeling and projecting specific variables pose
challenges due to inherent uncertainties and potential errors from
sources. Some work used an ensemble of several climate model simu-
lations attempted to improve the performance. For example, according
to future climate projections from Coupled Model Intercomparison
Project 5 (CMIP5), Carvalho et al. [21] investigated the potential
changes in wind energy resources in Europe by quantifying the antici-
pated alterations in the wind energy density index and its intra- and
inter-annual variability. In more recent studies, the Shared
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Socioeconomic Pathways (SSPs), which are complex socio-economic
scenarios used in the CMIP6 program, have gained great concern.
Russo et al. [22] assessed the impacts of climate change on the avail-
ability and variability of wind and solar energy in Portugal, where two
climate change scenarios, SSP2-4.5 and SSP5-8.5, were compared with a
present scenario. He et al. [23] investigated the future variation of wind
resources in Hong Kong by using the GCMs from CMIP6 and also chose
SSP2-4.5 and SSP5-8.5 to represent the future scenarios. Except for the
wind resources and wind power density, some work further investigated
how climate change can affect operating margins and investment values
[20,24].

2.3. Case studies in China

So far, several studies have conducted wind resource potential as-
sessments in China nationwide, including onshore, offshore, or both.
These studies consider different levels of potential, turbine heights, land
constraint conditions, data sources, and spatial resolutions. For example,
Hong and Möller [25] investigated the technical, spatial, and economic
potential of offshore wind energy resources in China’s exclusive eco-
nomic zone, utilizing wind data from QuikSCAT ocean wind L2B12. He
and Kammen [26] evaluated the wind resources (including both onshore
and offshore) at the provincial-scale for China, utilizing a decade of
hourly wind speed data collected from 200 sites. In a more recent
publication [27], the evaluation of onshore and offshore wind resources
in China was conducted based on high spatial-temporal resolution
climate data and the characteristics of mainstream wind turbines. In
recent studies, some work began to concern climate change and its in-
fluences on wind resources and wind power. For example, by ensem-
bling 8 simulations from the CORDEX project, Costoya et al. [28]
predicted the future offshore wind energy resource under the RCP8.5
scenario. Based on the weighted ensembling of eleven regional climate
models, Chen et al. [29] projected the variations in wind resources
across China’s mainland for the middle of the century under the RCP8.5
scenario. Miao et al. [30] investigated the wind energy resources change
over the Northern Hemisphere. It focused on the comparison of wind
speed in CMIP5 and CMIP6 models in Europe, Asia, and North America
under four typical emission scenarios, SSP1-2.6, SSP2-4.5, SSP 3–7.0,
and SSP5-8.5. The results showed that the wind speeds over most of
China drop significantly under SSP3-7.0, while the decline is merely in
the western region under the SSP5-8.5 scenario. Similarly, Wu et al. [31]
evaluated the future changes of surface wind speed over China based on
24 GCMs from CMIP6 under three scenarios, SSP1-2.6, SSP2-4.5, and
SSP5-8.5. Previous studies contributed to a thorough evaluation of both
the wind resource and wind power potential in China.

However, there are few studies combining wind resource potential
and characteristics with land-use suitability as well as climate change in
China. Hence, there is limited awareness of the potential and features of
wind power generation in the most suitable area. Furthermore, the po-
tential effects of climate change on both the capacity and characteristics
of wind resources in regions with varying suitability grades remain
unexplored. This study attempts to answer the following key questions.

(1) What is the potential and suitability of onshore wind energy
development across China, including its temporal characteristics?

(2) How will climate change influence the potential and spatiotem-
poral characteristics of wind power in areas with different suit-
ability grades?

These issues are of significant importance for investors in project site
selection and investment risk decisions, as well as for the government in
achieving sustainable development. Table 1 outlines the main differ-
ences between this study and other relevant studies in China.

3. Data and climate change simulation

Due to the spatial and temporal sampling limitations of observations
from meteorological stations, reanalysis data is extensively utilized as a
valuable alternative. So far, various reanalysis products are accessible,
with commonly used ones including ERA-Interim, REA5, and MERRA-2
[8]. The work of Hdidouan and Staffell [24] presented a summary of
publicly available reanalysis datasets along with the key parameters for
wind power synthesis. In this study, hourly wind speed data was
extracted from the MERRA2 dataset, featuring a spatial resolution of
0.5◦ × 0.625◦, covering the period from 1990 to 2019.

While GCMs, initially developed in the late 1950s and early 1960s,
are acknowledged as effective tools for replicating large-scale circula-
tion features of the present climate, their output is compromised in
terms of resolution and accuracy [37]. Subsequently, diverse attempts
have been made to simulate climate change at regional and finer spatial
scales. For this purpose, this study employed multiple sets of GCM data,
including HadCM3 QUMPs, ECHAM5, and HadGEM2-ES, as boundary
and initial conditions to drive the PRECIS regional climate model. This
facilitated the completion of dynamic downscaling simulations and
predictions at a 25 km resolution within the geographical scope of
China. Additional details and verification of the modeling process can be
found in our previous works [38–40]. This paper specifically focuses on
extracting wind speed data under the RCP 4.5 and PCP 8.5 scenarios for
the late 21st century (2070–2099).

The landcover data is obtained through remote sensing from the ZY-3
Satellite, encompassing 10 main categories and 59 subcategories.
Elevation and slope are derived from the 30-m resolution digital
elevation model available at https://dwtkns.com/srtm30m/. The so-
cioeconomic development levels and energy supply-demand situations
of each province are sourced from the local statistical yearbooks. In the
process of geospatialization, the social-economic data at the provincial
level is allocated to the grid within its respective county unit. Both the
MERRA2 grid and the climate change projection grid are resampled to 3
km resolution using the nearest neighbor method to match the high-
resolution land-use grid to maximize the comprehensive utilization of
these datasets.

4. Methodology

Fig. 1 presents the research framework of this study. It involves three
main steps: land-use suitability assessment, potential and temporal
characteristic evaluation, and impact analysis of future climate change.
Fig. 2 illustrates the flowchart for implementing. The specific content
and approaches for each step are detailed in the sub-sections.

4.1. Wind power potential estimation

This study estimates the onshore wind power potential from different
perspectives, including theoretical, technical, and economic potential.

(1) Theoretical potential

The theoretical potential of wind energy is independent of the wind
turbine types, usually measured by wind speed and wind power density
(WPD). Near-surface wind speed can be extrapolated to a specific height
by using extrapolation techniques, including the power-law [37] and
log-law [41]methods. In this case, the power-law approach is adopted to
project the wind speed at the desired height [5]:

vw = vm
(
hw
hm

)α

(1)

where, vw represents the wind speed at the desired height, here 110 m;
vm are corresponds to the wind speed at reference height. α is the wind
shear exponent, which is related to atmospheric stability and is typically
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Table 1
Summary of existing empirical studies on wind sources or wind power generation assessments for China.

Studies Potentials Temporal
variability

Climate change Data sources Spatial
resolution

Scope Hub height
of wind
turbine

Land use or
spatial
constraints

Wind regime
constraints

Land
suitability
assessmentResource Technical Economic

[25] ✓ ✓ ✓ / / Quik SCAT ocean wind L2B12 1 km × 1 km Offshore
wind

90 m, 105
m, 120 m

✓

[26] ✓ ✓ / ✓ / 200 chosen locations (2001–2010) provincial-
scale

Onshore
and
offshore

100 m ✓ wind speed
≥6 m/s

[32] ✓ ✓ ✓ / 6 wind measurement towers 6 selected
location

Onshore 70 m

[33] ✓ ✓ / MERRA-2 dataset (1998–2017) 50 km × 50 km 80 m, 100
m, 150 m

[34] ✓ ✓ ✓ ✓ MERRA-2 dataset (1980–2009) 0.625◦ × 0.5◦ Onshore 80 m ✓ ✓
[35] ✓ ✓ ✓ / CFSR global atmosphere data 0.5◦ × 0.5◦ Onshore 100 m ✓ ✓
[28] ✓ ✓ RCP8.5 (2025–2049

and 2075–2099)
CORDEX multi-model ensemble;
Compared with the in-situ data
from oceanic buoys and ERA5
database

0.44◦ × 0.44◦ Offshore 120 m WS < 28 m/s

[36] ✓ ✓ RCP 2.6 and RCP 8.5
(2030–2060)

CORDEX regionally downscaled
climate simulations

0.44◦ × 0.44◦ Onshore
and
offshore

100 m

[29] ✓ ✓ RCP 8.5 (2021–2050) 11 regional climate models (10
CORDEX models and PRECIS)

0.44◦ × 0.44◦

or 0.22◦ ×

0.22◦

Onshore 80 m

[27] ✓ ✓ CMA WRF simulation (1995–2016) 3 km × 3 km Onshore
and
offshore

100 m ✓ utilization
hour ≥1800 h

✓

[30] ✓ ✓ SSP1-2.6, SSP2-4.5,
SSP3-7.0, and SSP5-
8.5.

29 CMIP5 models and 42 CMIP6
models

1◦ × 1◦ Onshore 80 m

This
work

✓ ✓ ✓ ✓ RCP 4.5 & RCP 8.5
(1990–2019 vs.
2070–2099)

3 km × 3 km Onshore 110 m ✓ wind speed
≥6 m/s

✓

L.Jietal.
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taken as 1/7 [28].
Wind power density assesses power per unit area, and is widely

employed for quantifying the availability of wind resources, as
expressed by Eq. (2) [19].

WPD=
1
2

ρv3w (2)

where, ρ represents the air density, and is 1.225 kg/m3 at 288.15 K and

1000 hPa [9,34].

(2) Technical potential

Technical potential represents the quantity of electrical energy that
can be generated by a certain wind turbine type, converting the theo-
retical potential into useable electricity. Each wind turbine unit has a
specific power curve, and the generation output varies with wind speed

Fig. 1. The research framework of this study.

Fig. 2. The flow chart for implementing.

L. Ji et al.
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[34]. Given its extensive market penetration and broad adaptability to
various wind speeds [42], this study employs the Goldwind
GWH191–6.0 MW unit to assess the conversion fromwind speed to wind
power output. Key parameters are outlined in Table S1, the power curve
is obtained from the manufacturer. The output power curve of the tur-
bine is described by Eq. (3) [35]:

P(vw)=Pr •

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

0 vw < vc
v3w − v3c
v3r − v3c
1

0

vc ≤ vw ≤ vr
vr ≤ vw ≤ vf
vw ≥ vf

(3)

where, Pr is the rated power of wind turbine (MW); vw, vc, vr, vf are the
actual wind, cut-in, rated, and cut-out wind speed (m/s), respectively.

In addition to the hub height and technical features of the wind
turbines themselves, the layout of wind turbines significantly influences
the energy production of a wind farm, mainly due to the wake effects
caused by the dense distribution of turbines [43]. The longer the dis-
tance between wind turbines, the weaker the wake effects. However,
this will increase the cost of integrating wind power into the grid [44].
According to existing studies, if the distance between wind turbines is
10d in the downwind direction and 3d in the crosswind direction (where
d is the rotor diameter), array losses can be reduced to less than 10 %
[44,45]. For the selected wind turbine in this study, GWH191–6.0 MW
with a rotor diameter of 191 m, the capacity density varies with the
slope in the range of 0–5.5 MW/km2 [26]. Land-use factors for different
land cover and the capacity conversion index with different slope con-
ditions are provided in Tables S2 and S3, respectively. The technical
potential is estimated as Eq. (4) [46]:

TPi =8760×Di×sfi × Ai × CFi × ηav × (1 − ηloss) (4)

where, Di is the capacity density; sfi denotes the land use factor of grid i;
Ai is the available area for wind farms, CFi is the capacity factor; ηav
represents the utilization efficiency of the wind turbine, here 97 %; ηloss
denotes the comprehensive loss rate of wind farms resulting from wake
effects, transmission, and other unavoidable losses, set at 15 % [45].

Capacity factor (CF), within the 0–100 % range, represents the ratio
of the actual wind power output for a certain period to the maximum
energy output at continuous full-power operation during the same
period [5]. It usually serves as a performance indicator to compare
various sites for renewable energy installation and is calculated as:

CF=
EP

Pr × T
(5)

where, EP is the total power generation during the period; T is the
number of hours in the period.

(3) Economic potential

Economic potential measures that can be realized economically, for
example, the levelized cost of energy (LCOE). It measures the average
net present cost of electricity supplied by a power plant throughout its
life cycle and is usually taken as an economic indicator for the com-
parison of various energy technologies. It is calculated as Eq. (6) [5]:

LCOE=
I +

∑LT
t=1

OMt×EPt
(1+r)t

∑LT
t=1

Et
(1+r)t

(6)

where, LT is the lifetime of the technology; I denotes the initial con-
struction cost; OMt is the operation and maintenance cost; EPt is the
generated electricity, and r is the discount rate. In this study, the initial
construction cost and the operation and maintenance cost are set as 846

$/kW and 0.015 $/kWh based on the survey of large-scale onshore wind
farms constructed in recent years. Lifetime is considered to be 20 years
[44], and the discount rate, set at a constant 5 %, remains unchanged
throughout the lifetime [13].

4.2. Temporal characteristics of wind power generation

Since the wind resource is easily affected by dynamic meteorological
conditions, unstable energy output from wind farms threatens the safety
and economic operation of the power grid. Thus, it is also necessary to
evaluate the intermittency and variability of wind power generation.

(1) Variability

The range, standard deviation, and variance are commonly used
indices to measure the variation characteristic of time series. In this
study, the variability in wind resources is expressed through the relative
coefficient of variation (RCoV). RCoV can be calculated concerning the
mean or median, however, choosing the latter minimizes the impact of
extreme values (long tails). It is calculated as [47]:

RCoV=
median(absolute deviation about the median)

median
(7)

A reduced RCoV signifies less variability, indicating the high feasi-
bility of the resource at the site. In cases where two locations exhibit
identical absolute deviation about the median, the area with a greater
median wind power density yields a lower RCoV value, suggesting a
superior wind resource.

(2) Intermittency

Intermittency refers to the high sensitivity of wind resources to
climate and weather conditions, causing wind power to fluctuate be-
tween “available” and “unavailable” states [47]. The intrinsic inter-
mittency of wind energy would lead to intractable operation problems
such as low system reliability and high reserve cost. Several indexes
have been proposed to describe the intermittency [48]. This paper
quantifies the intermittency through availability, episode length and
lulls, and the duty ratio of ramp events.

Firstly, availability is defined as the percentage of hours in the time
series where WPD exceeds a specified threshold [49], measuring the
reliability or occurrences of efficient resources for power generation.

Availability=
Number of hours with WPD ≥ WPDth

Total number of hours
(8)

where, WPDth is the threshold of power density, here set as 200 W/m2

[50].
The episode length refers to the duration of continuous wind power

supply, serving as a crucial metric for the persistence of the wind re-
sources [47]. Similarly, the lulls refer to the consecutive hours of almost
no power generation, indicating the demand for complementary and
backup energy sources [49]. The episode length and lulls of wind energy
can be computed as:

EL=Consecutive number of hours withWPD ≥ WPDth (9)

LL=Consecutive number of hours withWPD < WPDth (10)

According to the definition, the episode length and lull indicators
only concern the intermittent when the wind speed is small. Thus, the
duty ratio of ramp events, considering both a positive ramp (increase in
wind resource) and a negative ramp (decrease in resource), is proposed
as a complementary metric. It is calculated as [33]:

λ=TR × 100%/T (11)

where, λ represents the duty ratio of ramp events; T is the observation

L. Ji et al.
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period; TR is the duration of ramp events during the observation period.
A ramp event occurs when the amplitude of variation in WPD at a
specified time interval (e.g. 1 h) excesses a predefined threshold (e.g.
100 W/m2).

4.3. Land-use suitability assessment for wind power deployment

Under the multi-criteria decision-making framework, the map
depicting land-use suitability for wind power deployment in China is
generated by considering twelve restrictive factors and three conflicting
evaluation criteria.

(1) Exclusive factors

Restrictive factors should be first defined to screen out unsuitable
areas. Among them, wind resource condition usually wind speed or wind
power density is a primary factor to filter areas lack of economic feasi-
bility. In this study, the minimum threshold of wind speed at 6 m/s is
considered. Moreover, other constraint factors for wind farms are
determined by considering topographic conditions, land cover, pro-
tected area, and transport infrastructures. Based on the previous studies
and expert opinions [18,51–53], twelve restrictions for wind power
plant construction are defined. An appropriate buffer is constructed for
each restriction layer as specified in Table S4.

(2) Multi-criteria assessment

The power of the MCDM approach is leveraged to integrate various
information and judgments regarding conflicting criteria. In this study,
three main criteria (i.e. technical, economic, social, and environmental
criteria) and ten sub-criteria are considered. The hierarchical compre-
hensive criteria system is shown in Table S5, and a detailed explanation
for each criterion is presented in SI. Moreover, the MCDM method also
requires assigning the weights of criteria to reflect the importance of a
criterion compared to other criteria. The AHP approach, widely used in
the site selection issues of energy facilities, is adopted in this study.
According to this approach, the weights are objectively determined
through the pairwise comparison matrix, which is constructed based on
the judgments from specialists in this field [54]. The detailed process of
the AHP approach can be referred to in the work of [55].

In this work, technical criteria are considered the most important
factors, with the weight assigned as 0.5936, followed by social and
environmental criteria (0.2493) and economic criteria (0.1571). The
sub-criteria also have different important degrees for each criterion.
Table S6 shows the reclassification of alternatives for each sub-criteria.
Then, suitability ranking for each alternative is determined by calcu-
lating a final score through a weighted linear combination technique, as
shown in Eq. (8).

LSI=
∑

i
wiki

∏

j
cj (12)

where, LSI is the land-use suitability index for wind farms; wi is the
weight of criterion i; ki is the score for criteria i; cj is a binary variable, if
the grid cell belongs to restricted factor j, cj is 0; otherwise, cj is 1.
Moreover, according to the LSI, land can be divided into different clas-
sifications. Here, the restricted areas are defined as unsuitable, and other
areas are classified as most, moderately, and least suitable areas by using
the natural breakpoint method in ArcGIS.

4.4. Tendency analysis

The impact of climate change on onshore wind resources is charac-
terized by calculating the changes from the baseline period (1990–2019)
to the end of this century (2070–2099). In this study, the Student’s t-test
is applied to quantify the significance of future change. When p < 0.05,

the null hypothesis would be rejected [24]. Moreover, the Mann-Kendall
trend test, which is insensitive to outliers in time series, is also employed
to examine the statistical significance of long-term trends at the grid cell
level. Additionally, the Theil-Sen slope estimator is utilized to determine
the magnitude of the trend, known for its improved accuracy compared
to simple linear regression [56].

5. Results and discussion

In this section, the land-use suitability assessment for wind power
deployment in China is first provided to highlight the most suitable
areas. Then, the theoretical, technical, and economic potentials of wind
power for areas with different suitability grades are presented. The
temporal characteristics are also quantified by introducing statistical
indicators. Finally, the impacts of future climate change are investigated
to provide insights into energy planning from a long-term perspective.

5.1. Land-use suitability assessment for wind power deployment

Fig. 3 illustrates the spatial distribution of wind resources and land-
use suitability assessment for wind power development. By combining
the elevation map shown in Figure S1, it is found that hindered by the
Himalayas, Hengduan, and Taihang Mountains, the spatial distribution
of wind speed shows a distinct decreasing trend from northwest to
southeast, and higher values in coastal areas compared to inland areas.
The highest wind speed values (>9.0 m/s) are found in the west of the
Tibetan Plateau and the east of the Inner Mongolian Plateau. Mean wind
speed values lower than 6 m/s mainly occur near the Sichuan Basin in
the southwest of China. In coastal areas, the wind speed (>8.0 m/s) can
be found in the eastern parts of Shandong and Shanghai. Furthermore,
wind resources in the southwest, the intersection of Yunnan, Guizhou,
and Guangxi provinces, are also relatively abundant. Fig. 3(b) displays
the spatial distribution of available areas for wind farms. It shows that
the southeast of the Heihe-Tengchong Line has limited locations for
wind farm deployment due to the dense population, farmland, forest,
wetland, and protected area. The land-use suitability assessment map for
wind farms is presented in Fig. 3(c). Suitable areas are divided into three
classes, i.e. most, moderately, and least suitable, and the rest are un-
suitable areas covering 65.4 % of the national territorial area. It high-
lights that Inner Mongolia, Xinjiang, and coastal areas are the most
suitable regions for wind farms considering abundant wind resources,
land-use type, economics, as well as social and environmental factors.
Supplementary Table S7 presents the aggregated province-level statis-
tics for the land-use suitability assessment.

5.2. Wind power potential assessment

Fig. 4(a) presents the spatial distribution of the theoretical potential
of wind energy in terms of annual average WPD. Similar to Fig. 3(a),
there is a pattern of higher wind power density in the northwest and
coastal regions compared to the southwestern inland areas. The highest
WPD values (>450 W/m2) are found in the Turpan Basin of Xinjiang, a
typical inland wind reservoir in China. Regions such as the Qinghai-
Tibet Plateau, eastern Inner Mongolia, and northern Gansu are
enriched in wind resources in China, especially large contiguous areas
with WPD ranging from 300 W/m2 to 500 W/m2. Furthermore, coastal
areas such as Jiangsu, Zhejiang, Shandong, and others also have
tremendous wind resource potential. Due to the interception of the
Himalayas and the Hengduan Mountains, the Yunnan-Guizhou Plateau
and the Sichuan Basin in the southwest experience a rapid decrease in
wind resources (WPD <100 W/m2). Due to rugged topography and
extensive forest coverage, low WPD values also occur in the Lesser
Khingan Mountains and the foothills of Changbai Mountains in the
northeast, as well as Wuyi Mountains in the southeast.

Figure S2 presents the seasonal pattern of wind resources in China. It
shows that the Tibet Plateau and Inner Mongolia with rich wind
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resources will experience stronger wind variability and higher WPD in
winter and spring. In winter, the highest value (WPD> 500 W/m2) can
be found in the Kunlun Mountains, the Himalayas, and the Qinghai-
Tibet Plateau region with elevation greater than 4000 m. In spring,
the WPD near the Turpan Basin is significantly higher than in sur-
rounding areas. This is mainly due to the enhanced radiation within the
basin, resulting in local thermal low pressure and leading to intense air
convection with the surrounding areas. In comparison, the southeast
monsoon from the Pacific Ocean is relatively weak in summer. Addi-
tionally, there are continuous hills along the southeastern coast
extending from the coastline to the inland. Influenced by surface
roughness, the intensity of wind resources rapidly diminishes. There-
fore, during the summer, most parts in the south and east experience a

scarcity of wind resources (WPD <150 W/m2).
Considering the geographical constraints and land conversion coef-

ficient, the estimated capacity potential of wind farms in China amounts
to 9.6 TW, surpassing the national total installed power capacity in 2020
by five times. The corresponding annual wind power generation is up to
12.6 PWh, approximately 1.6 times the total national electricity demand
(7.5 PWh). Moreover, deploying wind power projects in the most suit-
able areas could support 69 % (5257.4 TWh) of the national electricity
consumption. Fig. 4(b)–(d) illustrate the geographical distribution of
both the capacity and generation potential of wind power in China. The
provincial aggregations are reported in Tables S8 and S9. It can be
observed that there is a significant regional imbalance in onshore wind
power installation potential. Nearly 86 % of technical potentials are

Fig. 3. Spatial distribution of wind resources and land-use suitability assessment. (a) average wind speed; (b) available area for wind power; (c) land-use suitability
assessment for wind power.

Fig. 4. Theoretical and technical potentials of wind energy in China. (a) wind power density; (b) generation potential without restrictions; (c) installed capacity
potential; (b) technical generation potential. Gray indicates restricted areas.
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concentrated in the “Three North” regions (Northwest, North China, and
Northeast). Inner Mongolia, Xinjiang, and Gansu rank as the top three in
terms of power generation potential (exceeding 1000 TWh) and their
available area for wind power projects accounts for 63.8 % of the na-
tional geographic potential. Despite the abundance of theoretical po-
tential, the Tibetan Plateau is not suitable for large-scale wind power
deployment due to its high elevation (>3500 m). The maturation of
high-altitude wind turbine technology in the future may bring oppor-
tunities to realize the transformation from theoretical potential to
practice. In addition, the electricity consumption of the eastern regions
accounts for 46 % of the national demand, however, the wind power
potential of these areas is only 5 % of the total. Overall, the onshore
wind potential and the electricity demand exhibit an inverse spatial
distribution. Therefore, it is necessary to optimize the layout of renew-
able energy development to balance the contradictions between its
production and consumption.

Fig. 5(a) displays the LCOE of wind power for each grid cell based on
the given turbine type. The national average LCOE of wind power is 52.5
$/MWh, lower than the cost of traditional coal-fired power generation
(60 $/MWh, regarded as the cost threshold in this study). Fig. 5(b) in-
dicates that approximately 8.5 TW wind capacity (83 % of total poten-
tial) lies below the cost threshold, with a cost-competitive advantage in
power supply. The result means that wind power has great opportunities
to reduce China’s huge fossil fuel electricity consumption. Considering
that local government plays an important role in the strategic planning
of energy, Fig. 5(c) provides the average LCOE of wind power at the
province level, varying from 37.5 $/MWh to 97.5 $/MWh. Most prov-
inces have a competitive advantage in wind power development for grid
parity. A higher wind power density implies a lower LCOE. The lowest
LCOE is found in Inner Mongolia, 24 $/MWh. In economically devel-
oped regions with high population density and electricity consumption,
Central and Southeast China (except for some coastal areas), the LCOE is
mostly higher than 60 $/MWh. Characterized by complex terrain and
scare wind resources, the average LCOE for the southwest region
(covering Sichuan, Chongqing, and Yunnan provinces) is more than 90
$/MWh, and the highest value may be up to 135 $/MWh at the grid cell

level. Fig. 5(d) illustrates the variation of LCOE with changes in WPD for
areas with different suitability grades. For the least suitable areas, the
range of LCOE varies significantly, particularly when the WPD value is
low. For instance, when the WPD value is about 80 W/m2, the LCOE
ranges from 40 $/MWh to 120 $/MWh. However, as WPD increases, the
LCOE decreases rapidly. For some areas with moderate suitability, even
with a relatively low WPD (<120 W/m2), they can still achieve a cost-
competitive advantage benefiting from geographical advantages such
as gentle slopes. For the areas with the most suitability, despite the wide
range of WPD variations, nearly all grids exhibit a competitive cost
advantage.

However, it should be noticed that the LCOE is a traditional and
simple metric used to evaluate the techno-economic performance of
wind energy and compare the competitiveness of various generation
technologies. It fails to reflect the full cost that different energy sources
provide to the power grid, for example, ancillary service cost caused by
intermittency and insufficient flexibility, and long-distance transmission
cost due to the inverse distribution of supply and demand. Moreover, it
cannot capture other key performance metrics including, but not limited
to, sustainability (e.g. lifecycle environmental impacts) [57], social
acceptability, and macro-economic benefits (e.g. created jobs and gross
value added) [58]. In some recent studies, new metrics that go “Beyond
LCOE” have been proposed to better reflect the full value and costs of
different energy sources from a broader systemic perspective [59].
China’s wind resource potential is enormous; however, developing more
comprehensive and robust metrics may be challenging to avoid “one--
size-fits-all” solutions.

5.3. Temporal features of wind power generation

Fig. 6 presents the temporal features of wind power generation under
the baseline scenario. Regions with a higher RCoV, indicating greater
variability in wind resources, are mainly located in the West, especially
in the areas near the Kunlun, Himalayas, and Hengduan Mountains, as
well as the east of Inner Mongolia (RCoV >0.75). In the eastern and
central of China, the fluctuation amplitude of wind resources is

Fig. 5. LCOE and economic potential of wind power in China. (a) the special distribution of LCOE; (b) the marginal cost-supply curve of wind capacity; (c) the
average LCOE at the province level; (d) the scatter plot of LCOE concerning WPD for different land-use suitability classes.
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relatively small, ranging from 0.6 to 0.7. The lowest RCoV is in the
Yangtze River’s middle and lower plains, the Lesser Khingan Range in
the northeast, and the Wuyi Mountains in the south (RCoV <0.6),
indicating a relatively stable but limited wind resource. This spatial
distribution is closely related to a “three-tiered” topography character-
istic, a “higher in the west, lower in the east” pattern. The west of China
is mainly composed of plateaus, basins, and mountains, while the
eastern parts consist mainly of plains and hills. As the elevation de-
creases, the RCoV value gradually decreases. Figures S3 (a)–(d) and
Figures S4 (a)-(d) provide the seasonal intermittency features of wind
resources. The results show that the seasonal spatial distribution is
consistent with the yearly pattern, where the western regions have
higher values than the central and eastern regions. Wind power gener-
ation exhibits the greatest variability in spring. During spring, there is a
pronounced fluctuation in wind power throughout almost the entire
western region, while in other seasons, it is primarily concentrated near
the mountains in the west. In autumn and winter, the overall fluctuation
amplitude of wind resources decreases nationwide, especially in the
south where wind resources are very stable.

Availability, EL, LL, and λ are indicators to evaluate the intermit-
tency of wind resources. Fig. 6(e) shows the effect of WPD on avail-
ability. It is found that the availability of wind resources is positively
correlated with wind power density, and regions with higher WPD tend
to have longer continuous availability. Setting 200 W/m2 as the
threshold of WPD, it can be observed that the annual availability of
onshore wind resources in most areas of China is greater than 21 %. The
annual availability of wind resources in the Kunlun Mountains and Inner
Mongolia can reach up to 70 %. Due to the influence of monsoons, wind
energy resources exhibit a clear seasonal cycle, and the spatial distri-
bution follows a similar pattern. Overall, spring and winter have higher
wind resource availability, while summer and autumn have lower levels
of availability. This result is consistent with a previous study [60]. The
highest availability throughout the year is in winter, near the Kunlun
Mountains in the west and the Greater Khingan Range in the northeast
(up to 76 %). In spring, the availability in nearly half of the national
territory can exceed 40 %. However, during the summer, availability is
lower in most parts of the country, with 30 % of regions falling below 20
%, and the lowest availability occurring in the Hengduan Mountains,
Sichuan Basin, Wuyi Mountains, Lesser Khingan Range, and Changbai

Mountains, where availability ranges from 0 to 7%.
As to the duty ratio of ramp events, the highest λ value is also found

in the areas near the Kunlun Mountains, exceeding 32 %. Following are
the east of Inner Mongolia, the north of Gansu and Qinghai, with λ in the
range of 24 %–30 %. These areas have abundant wind resources (high
WPD values), whereas they also exhibit great variability (relatively high
RCoV), and the average continuous availability duration is short (only
8–14 h), leading to higher electricity regulation costs. In contrast, the
northeast, central, and east regions mostly have λ values lower than 12
%, implying more stable wind resources. However, these areas generally
have smaller WPD values, longer durations of continuous unavailability
(LL values can reach up to 40 h), and lower overall availability.

Furthermore, through a joint classification of the WPD and the RCoV
index, the relationship between wind resource richness and stability is
further investigated. Fig. 7 reveals that in the Northeast and below the
Heihe-Tengchong Line, wind resources are limited but stability is rela-
tively high. In contrast, the Northwest region except the Tarim basin has
abundant wind resources, whereas in some areas, stability is lower (i.e.
WPD>250W/m2 and RCoV>0.75). Furthermore, in most areas of Inner
Mongolia and some areas of Tibet, both wind resources and stability are
high. Fig. 6(f) also provides the relationship between RCoV andWPD for
grids with different suitability grades. For grids with different suitability
levels, the main difference in wind resource conditions is richness rather
than stability. Moreover, it is found that a low wind generation potential
is neither a necessary nor a sufficient condition for attaining high
stability.

5.4. Spatial and temporal variability under climate change

Fig. 8 presents the projected variations in annual wind power density
and technical potential by the end of this century under RCP 4.5 and RCP
8.5 scenarios. Climate change scenarios anticipate important changes in
WPD by the end of the century. The downscaled climate change results
indicate that regions with abundant wind resources will experience a
significant decline, including Inner Mongolia and the Qinghai-Tibet
Plateau. Meanwhile, there is a noticeable increase in regions with
relatively scarce wind resources, mainly basins, and forests in the
northeast, and hilly areas in the South. Compared to the theoretical
potential, the changes in technical potential are relatively weak, and the

Fig. 6. Temporal features of wind power generation in China. (a) availability; (b) RCoV; (c) duty ratio of ramp event; (d) episode length and lulls; (e) the effect of
WPD on availability; (f) the effect of WPD on the RCoV for grids with different suitability grades. Note: in Future 5(d), the circle represents the episode length, and the
inner curve represents the lulls; green for the baseline, purple and blue for RCP 4.5 and 8.5 scenarios, respectively.
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spatial pattern maintains strong similarity. Taking the RCP8.5 scenario
as an example, a significant decrease is observed in most northern re-
gions, with an average decline of up to − 18% in Inner Mongolia, Shanxi,
Ningxia, and Gansu. A slight decrease is found in the Yangtze River
middle and lower plains (around − 5%). In the southwest and near the
Tarim Basin in Xinjiang, wind power generation will experience an
average increase of 7 %.

The seasonal variations of wind power density and technical poten-
tial are visualized in Figures S2(e)–(t) and S5. A remarkable generalized
drop in wind power density is projected in winter in latitudes greater
than 32◦N. The decline also occurs in the Qinghai-Tibet Plateau and
Inner Mongolia in spring and autumn. However, in summer, the wind
power density shows an increasing trend across the entire nation. The
patterns of change in wind power, both seasonally and spatially, exhibit
a notable consistency across various emission scenarios. Under the
RCP8.5 scenario, the overall change trend is consistent with the RCP4.5
scenario, with the main difference being an increased decline in WPD in

the northern part of Inner Mongolia and an enhanced increase in the
Chongqing-Guizhou region. Moreover, climate projections in this sce-
nario present more intensive seasonal variations and differences. In
winter, the WPD presents a well-spread drop of ~25 % surrounding the
Kunlun Mountains, Helan Mountains, Yinshan Mountains, and Taihang
Mountains. On the contrary, significant rises in wind power density are
anticipated during the summer.

Overlaying the land-use restriction layer with the WPD and technical
potential variation maps, it is found that the areas with significant
changes in wind resources are mostly within restricted zones (except for
the Tarim Basin in Xinjiang and Inner Mongolia), which are areas
lacking technical feasibility. In addition, although the future wind
resource in the southwest is expected to increase, implying a positive
influence, the overall contribution can be negligible due to limited the
available land resources for development. Thus, the national technical
potential of onshore wind power shows a declining trend in the future,
decreasing by − 27.3 % and − 29.5 % under RCP4.5 and RCP8.5

Fig. 7. The joint classification of abundance and stability of wind power under the baseline scenario (a) and future climate change scenarios RCP4.5 (b) and RCP
8.5 (c).

Fig. 8. Variations in wind power density and technical potential by the end of this century under different climate change scenarios. Black “√” marked areas indicate
significant changes and white areas are restricted zones.
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scenarios. The technical potential experiences the greatest reduction in
winter, decreasing by − 34.1 % (756.1 TWh) and − 38.6 % (855.9 TWh)
for RCP 4.5 and 8.5 scenarios; while in summer it is projected to increase
by 3 % (72.7 TWh) and 6 % (145.5 TWh). The aggregated variations at
the provincial level are reported in Table S10.

Fig. 9 illustrates the changes in volatility and intermittency charac-
teristics of wind power across the country under climate change. Given
the positive correlation between availability and WPD, the changes in
the availability at both the annual and seasonal scales are generally
consistent with the variations in the WPD under climate change sce-
narios. In most regions, availability may decrease, with significant re-
ductions in the Kunlun Mountains, Loess Plateau, and Inner Mongolia
Plateau (<− 15 %). Correspondingly, the duration of continuous un-
availability of wind resources in Tibet and Qinghai will increase.
Availability in the Tarim Basin of Xinjiang, the Himalayan Mountains,
and the southwestern region of the Yunnan-Guizhou Plateau shows a
noticeable upward trend (>10 %). In these areas, the continuous
availability duration in Xinjiang and Yunnan will also increase to
varying degrees. Changes in other regions are relatively small. This
trend is further strengthened under the RCP8.5 scenario. The future
trends and spatial distribution characteristics of the duty ratio of ramp
events are highly consistent with availability. Compared with Fig. 6,
regions with higher RCoV under the baseline scenario show an
improvement in wind resource volatility, while areas with lower RCoV
values experience a deterioration in future wind resource stability. In
the future, RCoV in the East, Northeast, South, and the Tarim Basin in
Xinjiang will increase. Specifically, increases of up to 20 % are predicted
in the Tarim Basin under the RCP 4.5 scenario. In the wind-rich Inner
Mongolia region, most of the eastern areas are expected to experience a
slight increase in RCoV (within 15 %), while other areas show a smaller
range of RCoV changes (less than 5 %). However, some wind-rich areas
also see an improvement in stability; RCoV in the Qinghai-Tibet Plateau,
Yunnan-Guizhou Plateau, and northern Xinjiang are projected to
decrease, with a range of − 10% to − 25%. Except for the Lesser Khingan
Mountains, and a few areas in Yunnan and Fujian, the duty ratio of ramp

events is expected to improve nationwide. Similarly, Figures S3 (e)–(t)
and S4 (e)-(t) illustrate the seasonal variations in wind resource stability
and intermittency features under future climate change. The variations
in these indicators across seasons are consistent with the annual trends.
By overlaying the land-use restricted layer, it can be observed that the
availability and λ values of most available lands will decrease, while
RCoV values increase. In summary, influenced by climate change, the
abundance of wind resources decreases, overall instability increases, but
abrupt events decrease.

The joint classification in Fig. 7(b) and (c) provide a more intuitive
change trend in wind resource characteristics, both the abundance and
stability of wind resources in China show an overall downward trend.
The most significant decline can be observed in Qinghai-Tibet Plateau
and Inner Mongolia, followed by Xin Jiang and eastern coastal areas
where wind resources have increased as volatility has creased. The WPD
in the Yangtze River middle and lower reaches plain shows little change
(within the range of − 5%–5 %); however, the RCoV is expected to
significantly increase, up to 15 %. In the Himalayan Mountains and
Yunnan region, WPD will increase, and overall RCoV is expected to
decrease, indicating an improvement in wind resource conditions.
However, the overall pattern of wind resource conditions in China re-
mains relatively stable, with Inner Mongolia, the northwest part of
Tibet, and coastal areas continuing to exhibit the best comprehensive
performance in terms of abundance and stability.

Fig. 10 illustrates the distribution of projected changes in wind en-
ergy potentials and temporal features for land with different suitability
grades under climate change. In general, the variation of each indicator
for different suitability grades follows a normal distribution. There is
little difference in the distribution of WPD among different grades. For
each suitability grade, more than 75 % of the grid cells experience an
increase in WPD during the summer. The range of variation in WPD in
other seasons is greater than that in the summer. In comparison, the
technical potential for different suitable land grades is showing a
declining trend. Among them, the decline is more pronounced in the
most suitable areas, and the range of variations is more concentrated.

Fig. 9. The changes in temporal characteristics of wind power under RCP 4.5 and 8.5 scenarios. The area covered by "√" signifies regions with significant changes,
while the white area denotes restricted zones.

L. Ji et al.



Renewable and Sustainable Energy Reviews 203 (2024) 114778

13

The distribution of availability changes is consistent with the technical
potential. The distribution of projected changes in RCoV is relatively
concentrated, and there are significant differences among different
suitability grades. In the most suitable areas, nearly 75 % of the grids
have an increase in RCoV value. For the moderately suitable level, the
grids show an equal distribution of increased and decreased RCoV
values. In the least suitable areas, over 75 % of the grids exhibit a

decrease in RCoV value, indicating an improvement in wind resource
stability. Additionally, compared to other suitability levels, the most
suitable areas have the smallest range of changes at annual and seasonal
scales, with a relatively concentrated distribution and fewer outliers.
However, for a certain suitability grade, there is a significant variation in
RCoV changes in winter. By comparing the left and right sides of the
violin plots, the difference in variations of projected changes in wind

Fig. 10. Distribution of projected changes in wind resources and temporal features under the different climate change scenarios. (a) WPD, (b) technical potential, (c)
availability, (d) RCoV. The left and right side of the violin corresponds to RCP 4.5 and RCP 8.5 scenarios. The horizontal width shows the value distribution of overall
grid points, and the wider regions highlight more grid cells that have this value. The dashed lines from top to bottom represent the upper quartile, median, and lower
quartile, respectively.
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resources and temporal features for the different climate change sce-
narios is roughly the same, with more extreme values in the projections
under the RCP8.5 scenario.

5.5. Comparison with existing research and uncertainties

This sector compares the results of this study with other existing
research and discusses the potential uncertainties by focusing on the
section on wind turbines and the allocation of criteria priority.

(1) Comparison with existing research

Numerous prior studies have offered potential estimates for wind
energy in China, employing various assumptions regarding land suit-
ability and exclusion criteria. For example, the work of He and Kammen
[26] estimated 0.83 TW (lower case)/1.81 TW (upper case) wind ca-
pacity potential with 1.24 TWh (lower case)/2.64 TWh (upper case)
power generation output. However, it only reports the provincial scale
potential estimation and rough temporal variation. Table S11 presents a
comparison of the assessment results in this study with other recent
research outcomes. The results in this study are relatively close to those
of [31] but higher than those of [37]. The reasons for such differences
stem from various factors, including the adopted meteorological data-
base, the covered study period, the considered geographical constraints
(e.g. altitude, slope), the selected wind turbine types, and the assumed
turbine layout.

Moreover, the overall conclusions regarding the impacts of climate
change also align with previous studies. The work of Monforti et al. [38]
projected a decline in the capacity factor of wind energy in North China,
particularly in Inner Mongolia during spring, summer, and fall. How-
ever, it primarily focused on China and India, considering the RCP 2.6
and RCP 8.5 scenarios, with relatively low temporal and spatial reso-
lution. In addition to the wind power potential assessment, this study
focuses on evaluating the suitability of land for wind power deployment.
It compares the technical potential, economic feasibility, and temporal
characteristics of wind power deployed in areas with different suitability
levels, as well as the impact of climate change. The key findings serve as
a basis for nationwide decision-making on the organized development of
wind power and grid integration.

(2) Impacts of wind turbine selection

For the robustness analysis of technical potential assessment,
another type of wind turbine, GWH 204-5.6 MWwith a larger swept area
and more suitable for medium or low wind speed areas, is selected for
comparison. By adopting this technique, the threshold of wind speed
limitation could be 5 m/s, as a result, the available area would increase
by 4 %. Especially in areas with scarce wind resources, such as Central
and South China, the technical potential for wind power increases
significantly, with an average increase of over 20 %. This indicates that
advancements in wind turbine technology will bring more opportunities
for wind power deployment. In addition, these areas are densely popu-
lated and economically developed, with high electricity demand. Uti-
lizing local wind resources can enhance energy self-sufficiency and
avoid energy losses associated with long-distance transmission.
Furthermore, the deployment of turbines with larger swept areas results
in a more dispersed layout, leading to a reduction in capacity density
and the estimated total installed capacity (8.05 TW, 17 % lower than the
GWH 191-6.0 MW technology). However, the superior performance of
the new wind turbine, characterized by lower specific power but a
higher capacity factor, will lead to an increase in total electricity gen-
eration (5.2 PWh, an increase of 41 %). Meanwhile, it is also noteworthy
that the optimized layout of large-scale wind farms could also contribute
to improved landscape aesthetic quality and greater public acceptance.

Considering future climate change, wind resources are projected to
decrease in the west and north, and increase in the south. The adoption

of new wind power conversion technology will significantly mitigate the
decline in wind power potential, especially in the least suitable area,
where the reduction is about − 15 %. This indicates that more efficient,
low-wind-speed-adapted turbines can alleviate the negative impacts of
climate change on wind power development to some extent. Figure S6
illustrates the estimated technical potential for areas with different
suitability grades by adopting different wind turbines. The results
indicate a significant increase in the technical potential of the least
suitable area, with an increase of 0.28 PWh (about 48 %). The impact on
the potential evaluation of moderate and most suitable areas is less
pronounced. Under the RCP 4.5 scenario, although the total power
generation with the new technology decreases, it remains comparable to
the total amount under the GWH 191-6.0 MW technology in the baseline
scenario.

(3) Impacts of criteria weight allocation

To check the robustness of the evaluation results, sensitivity analysis
is usually conducted to reveal the effect on the rankings of alternatives
by changing the priority weights of sub-criteria. Some studies applied
the same weights for all criteria; some others removed some specific
criteria for comparison [55]. The results of [61] indicate that the change
in the criteria weights will influence the rank of the alternatives. Thus,
sensitivity analysis is also performed to provide more insights. Four
extra scenarios are defined and described in Table S12, which are equal
weight (Scenario 1), economic priority (Scenario 2), socio-environment
priority (Scenario 3), and technical priority (Scenario 4). The land
suitability evaluation results are presented in Table S13.

It is found that except for the original scenario and the economically
prioritized scenario (Scenario 2), the area classified as the most suitable
land is relatively high, almost or exceeding 50 %. Notably, under the
socially and environmentally prioritized criteria (Scenario 3), 77.3 % of
the available land is classified as the most suitable, indicating that most
of the available land has favorable environmental development condi-
tions. In contrast, under the economically prioritized scenario (Scenario
2), only 12.5 % of the available land is deemed most suitable. This
suggests that although there is a vast amount of available land, the
economic feasibility of wind energy development is low for most areas
due to limitations in current energy infrastructure and the long distance
from electricity demand centers. Overall, the classification results under
the original scenario precisely identify priority development areas while
comprehensively considering multi-criteria trade-offs, providing effec-
tive guidelines for strategic planning.

6. Conclusions

In this study, a thorough assessment of onshore wind energy in China
is performed with a 3 km spatial resolution. By considering several
conflicting criteria, land-use suitability assessment for wind power
deployment is characterized by different classes. It can serve for
national-scale power system planning and site selection of wind farm
projects. Given the significance of addressing the operational challenges
associated with intermittent wind energy, the analysis of temporal fea-
tures aids in identifying areas with low/high stability of wind power.
This analysis also assists in evaluating the need for flexibility resources.
Lastly, this study explores the impacts of climate change on wind power
potential along with its temporal features for available areas with
different suitability classes. The primary findings of this study can be
summarized as follows:

The total available area for onshore wind farms accounts for 34.6 %
of the country, and the most suitable areas are in the North (27.8%). The
capacity potential of onshore wind in China is 9.6 TW with 12.6 PWh
annual power generation. Based on the levelized cost analysis, the
economic potential will be 8.5 TW (83 % of the total technical poten-
tial). Especially the east of Inner Mongolia has the lowest levelized cost
of energy, 24 $/MWh. Highly suitable areas for wind energy are
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inversely distributed with developed economies and dense populations,
indicating that long-distance power transmission is necessary to achieve
optimal resource allocation. However, regions abundant in wind re-
sources exhibit greater variability and intermittency, implying higher
electricity regulation costs. The effective utilization of wind resources
will promote advancements and investments in ultra-high voltage
transmission technologies as well as energy storage technologies to
regulate power quality and ensure grid security.

Influenced by climate change, over 75 % of grid cells within the most
suitable areas is an observed decline in wind energy. While a noticeable
enhancement is projected in the least suitable areas. From a seasonal
perspective, a significant overall decrease is forecasted during winter in
latitudes greater than 32◦N; and a slight upward trend across the entire
nation during summer. The national technical potential of onshore wind
power is projected to decrease by 27.3 % and 29.5 % under RCP 4.5 and
RCP 8.5 scenarios. Under the RCP 4.5 scenario, the technical potential
for wind power in most and moderate suitable areas will decrease by
32.2 % (1.7 PWh) and 23.0 % (1.4 PWh), respectively. Additionally, a
decline in wind resources could lead to fewer ramp events. It contributes
to enhanced grid stability and reduction in maintenance costs for wind
power infrastructure, potentially extending its operational lifespan.
Furthermore, the smoother power output patterns resulting from a
decreased intermittency enable more effective utilization of energy
storage resources.

However, it needs to be emphasized that wind power potential
estimation is significantly related to wind turbine technology and land
use. The judgments of decision-makers will have a great influence on the
results when selecting the geospatial limits and evaluation criteria and
determining their weights. Therefore, the application of sensitivity
analysis of weights may contribute to the authenticity and robustness of
the results. Moreover, the use of the MERRA database and extrapolation
techniques as a proxy of actual measured data is another source of un-
certainty. It is challenging to appropriately handle bias correction
introduced by climate projections, especially for regions with complex
orography. The robustness of the projection should be further discussed
by comparing different models. To offer a more comprehensive under-
standing of future climate scenarios, it is essential to consider future
projections of wind speed under some more complex climate change
scenarios such as SSPs. Therefore, the outcomes presented in this study
should be regarded as an initial representation of potential assessment,
temporal-spatial variability, and future trends of wind energy in China.
It is expected to be combined with energy system planning models,
providing a foundation for policymakers to formulate appropriate reg-
ulations and policies for the effective integration of renewable energy.
The research framework proposed in this study could be future-tailored
and expanded for other areas to support wind energy planning with
regard to climate change and energy security.
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