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• China’s wind power has reduced 
3,672.41 Mt CO2 , generating up to 
$273.26 billion in climate benefits. 

• By 2060, wind power cumulative could 
reduce 50,101.21 Mt CO2 and deliver 
$1,803.64 billion in total benefits. 

• Prioritizing coal-fired power displace- 
ment with wind power increases CO2 

mitigation by > 50 %. 
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a b s t r a c t 

Wind power is central to decarbonizing China’s power sector, yet its CO2 reduction benefits are often evaluated 
using static assumptions that overlook the dynamic evolution of the energy system. To address this limitation, 
we established a dynamic assessment framework taking two distinct approaches: the Dynamic High-Carbon Dis- 
placement Emission Factor (DHC-DEF), which assumes the priority displacement of high-carbon baseloads, and 
the Dynamic All Mix Energy Displacement Emission Factor (DAM-DEF), which reflects the system-wide average 
emission intensity of the evolving power mix. Leveraging this framework, we quantified wind power’s mitigation 
benefits and conducted a monetized assessment of its climate–economic value in different Social Cost of Carbon 
(SCC) scenarios. The results show that, owing to wind power’s leapfrog development over the past two decades, 
China has achieved a cumulative carbon dioxide (CO2 ) reduction of 3,672.41 Mt in the DAM-DEF case, gener- 
ating around $273.26 billion in climate benefits. By 2060, an annual wind generation of 6,660 TWh is expected 
to abate at least 931.25 Mt of CO2 , achieving a climate–economic value of around $33.52 billion. Cumulative 
reductions over the entire period are forecasted to reach 50,101.21 Mt, delivering economic returns of around 
$1,803.64 billion. Spatially, the mitigation contributions have been largely concentrated in North (45.7 %) and 
Northwest (15.8 %) China. Notably, our analysis results show that the strategic prioritization of displacing high- 
carbon or coal-fired technologies holds the potential to boost mitigation benefits by over 50 %. Moreover, given 
the high sensitivity of economic valuation to SCC, policymakers should incorporate SCC into dynamic shadow 

pricing mechanisms and energy planning to support high-quality wind power development. 
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. Introduction 

According to the Intergovernmental Panel on Climate Change (IPCC)
ixth Assessment Report, the increase in greenhouse gas emissions due
o human activity is the main driver of global climate change, caus-
ng a 1.1 °C rise in the global surface temperature between 2011 and
020, compared with the period from 1850 to 1900 ( Grose et al., 2023 ).
o address the negative impacts of global warming, countries world-
ide have set ambitious targets for limiting the global temperature

ise to below 2 °C —and ideally to 1.5 °C —by the end of this century
 Nieto, 2022 ). Specifically, China has pledged to reach peak carbon
missions before 2030 and to achieve carbon neutrality by 2060. How-
ver, realizing these dual goals will require the gradual phasing out
f fossil fuel-based power generation, especially coal, and energy sec-
or decarbonization ( Demetriou and Hadjistassou, 2021 ). As a clean
nd renewable energy source, wind power is anticipated to be vital
n enabling the global low-carbon energy transition and supporting
oth the 2060 net-zero emission target and China’s carbon neutrality
oal ( Keyßer and Lenzen, 2021 ). Wind power’s CO2 mitigation benefits
argely stem from its substitution for fossil fuel-based electricity gener-
tion and the related emissions. The value of these avoided emissions
eflects the potential environmental and social damages that would have
een incurred in the absence of such substitution ( Millstein et al., 2024 ).
hus, systematically and comprehensively evaluating and quantifying
ind power’s emission reduction benefits have become critical tasks

n research related to energy transition and climate change mitigation
trategies. 

Previous studies have comprehensively evaluated wind power’s CO2 
mission reduction benefits across global, regional, and national scales,
ut notable disparities remain concerning research scales, assessment
rameworks, and methodological assumptions ( Kuang et al., 2022 ;
umar and Madlener, 2016 ; Li et al., 2020 ; Su et al., 2026 ). Globally,
ecent studies have widely recognized wind energy as a key pillar for
chieving this century’s climate targets, with long-term cumulative mit-
gation potential estimated at the multi-gigaton scale ( Barthelmie and
ryor, 2021 ; Long et al., 2023 ). In early-adopter regions such as Eu-
ope and the United States, wind power’s ongoing expansion over the
ast two decades has already afforded stable and notable abatement
utcomes. For example, wind generation in Europe avoids approxi-
ately 129.1 Mt of CO2 emissions annually ( Ortega-Izquierdo and del
ío, 2020 ). In the United States, the synergistic development of wind
nd solar power totally reduced emissions by roughly 900 Mt between
019 and 2022 ( Millstein et al., 2024 ). These empirical results highlight
ind power’s critical role in power sector decarbonization. 

Moreover, emerging economies such as those of China and In-
ia have seen rapid growth in their wind power industries in recent
ears, placing renewable energy at the core of future energy planning
 Chabhadiya et al., 2021 ; Li et al., 2024 ). Relevant studies have shown
hat in high-wind-penetration and high-solar-penetration scenarios, In-
ia’s power sector CO2 emissions by mid-century are projected to be
pproximately 85 % lower than in a coal-dominated baseline scenario
 Lu et al., 2020 ). Further, in the Chinese context, life cycle assessment
LCA) results show that wind power generation’s greenhouse gas emis-
ion intensity is approximately 19.88 g CO2 -eq kWh− 1 , resulting in an
batement efficiency of about 98 % relative to standard fossil fuel-based
lectricity generation ( Xu et al., 2025 ). Assessment based on technical
otential showed that cumulative reductions may reach approximately
1.7 Gt by 2030 ( Liu et al., 2023 ), while analyses based on operational
ata from actual wind farms revealed substantial wind power contri-
utions of over 300 Mt CO2 reductions in 2020 alone ( Li et al., 2020 ).
urther research projected that by 2050, onshore wind technologies will
ield cumulative climate mitigation benefits of approximately 74.2 Gt,
ontributing 17.2 %–45.5 % toward achieving national carbon neutral-
ty targets ( Li et al., 2024 ). 

However, most existing assessments have depended on static dis-
lacement emission factors, which assume that wind power consistently
2

isplaces carbon-intensive coal-fired generation throughout its opera-
ional lifetime (e.g., using a fixed value of approximately 0.9–1.0 kg
O2 kWh− 1 ) ( Barthelmie and Pryor, 2014 ; Ma et al., 2013 ). While
uch static assumptions are logical in the early wind power deploy-
ent stages, when coal dominates the electricity system, their applica-

ility becomes increasingly limited as the energy transition accelerates
 Ahmed et al., 2025 ; Chen et al., 2020 ; Thomson et al., 2017 ). Previous
tudies have shown that, with rising penetration of renewable energy,
he background generation mix of power systems undergoes substan-
ial decarbonization, causing a continuous decline in the relative pro-
ortion of high-carbon technologies ( Fell et al., 2022 ; Williams et al.,
021 ; Zhang and Chen, 2022 ; Dong et al., 2025 ; Lu et al., 2026 ;
ang et al., 2026 ). Also, thermal power plants are gradually transi-

ioning from baseload providers to more flexible, load-following roles,
ausing the technologies displaced by wind power —and the related mit-
gation effect per unit of generation —to change over time, not remain
onstant ( Zhu et al., 2025 ). Under such conditions, ignoring the dy-
amic evolution of the power system and continuing to employ fixed
igh-carbon emission factors may not capture the “dilution effect ” stem-
ing from system-wide decarbonization and may cause an overestima-

ion of wind power’s long-term CO2 mitigation benefits ( Millstein et al.,
021 ). Therefore, evaluating wind power’s mitigation potential in car-
on neutrality scenarios necessitates the adoption of dynamic displace-
ent perspectives that overtly consider electricity system structure

hanges. 
The most direct way to assess wind power’s emission reduction ben-

fits is to monetize the emission reduction ( Wang et al., 2025 ). The So-
ial Cost of Carbon (SCC) is used to assess the quantifiable cost of CO2 
missions (expressed in monetary value), and it has been widely ap-
lied by policymakers to evaluate the benefits of climate mitigation mea-
ures and compare them with the emission reduction costs ( Wang et al.,
022a ). SCC estimation typically uses Integrated Assessment Models
IAMs), which combine simplified representations of the climate system
nd the global economy to forecast the economic impact of incremental
O2 emission pulses ( Caesary et al., 2025 ; Rennert et al., 2022 ). SCC
stimation largely relies on the damage functions within IAMs, with
ey parameters such as climate sensitivity, intergenerational discount
ates, and regional equity making a significant impact on the final SCC
esult ( Pizer et al., 2014 ). These uncertainties contribute to much de-
ate over SCC’s valuation, and considerable differences exist in the car-
on prices employed by various organizations. For instance, an analysis
y Ricke et al. (2018 ) found relatively high global SCC value, with the
edian reaching $417/t CO2 (66 % confidence interval), but a more
neven SCC distribution nationally. Likewise, Rennert et al. (2022 ) esti-
ated an average SCC value of $185/t CO2 for the United States, which

s 3.6 times higher than the current U.S. government value of $51/t CO2 .
n China, the median SCC is around $36/t CO2 ( Wang et al., 2022a ), and
t is projected to rise to an average of $471/t CO2 by 2100. 

Based on the existing research and its limitations, this study aimed to
ddress several key research questions regarding wind power’s mitiga-
ion potential, given China’s evolving energy structure. Specifically, this
tudy sought to answer the following questions: (1) How do estimates
f CO2 emission reduction benefits vary between traditional static sub-
titution emission factor approaches and dynamic displacement meth-
ds in changing power system structures? (2) How do these differences
hange over historical and future energy transition scenarios in China?
3) How sensitive are wind power abatement’s climate benefits to differ-
nt SCC assumptions? To address these questions, we systematically an-
lyzed the evolution of China’s current and future energy structure and
stablished an improved dynamic assessment framework. This frame-
ork integrates two dynamic substitution emission factor approaches
ith traditional static factor methods, enabling a comparative evalua-

ion of emission reduction estimates. Moreover, wind power mitigation’s
limate–economic value was monetized using three SCC estimates rep-
esentative of the Chinese context, and the results’ sensitivity to SCC
ssumptions was examined. 
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Fig. 1. Overall technical roadmap of the study, illustrating the framework for dynamic displacement emission factor assessment and climate benefit evaluation. 
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. Materials and methods 

To systematically assess the carbon reduction potential and climate
enefits of wind power in China over the period 2006–2060, this study
evelops an integrated assessment framework. As illustrated in Fig. 1 ,
he methodological workflow consists of three main phases: 

1) Data foundation and reconstruction, in which historical observations
and scenario-based projections are combined to construct continu-
ous annual power generation time series using a nonlinear PCHIP
interpolation approach; 

2) Core methodological framework, which applies a tri-partite dis-
placement emission factor system —HC-DEF, DHC-DEF, and DAM-
DEF —to represent alternative substitution logics under an evolving
power system; and 

3) CO2 mitigation valuation and output, where the resulting emission
reductions are monetized using a China-specific SCC gradient to de-
rive policy-relevant indicators. 

.1. Data and pre-processing 

The historical provincial electricity generation data used in this study
ere obtained from the public database of the National Bureau of Statis-

ics of China ( https://data.stats.gov.cn/easyquery.htm?cn = E0101 ).
his database provides monthly electricity generation statistics for 31
rovincial-level administrative regions (excluding Hong Kong, Macau,
nd Taiwan), covering various energy sources including thermal power,
ydropower, nuclear power, wind power, and solar energy. The data is
egularly updated, with the most recent data available up to the previ-
us month. To ensure data completeness for the early years of renewable
nergy development, wind power data for 2006–2012 and solar power
ata for 2006–2015 were supplemented using the China Electric Power

tatistical Yearbook . The historical analysis begins in 2006, which coin-
ides with the implementation of China’s Renewable Energy Law and
arks the onset of large-scale, policy-driven expansion of wind power.

n addition, provincial-level wind power generation statistics became
ncreasingly standardized and systematically reported from this year on-
ard, providing a consistent and reliable basis for long-term and cross-

egional comparative analysis. 
3

Future simulation data for different scenarios adopts a comprehen-
ive energy forecasting model that integrates macro-level top-down
ontrol with sector-specific bottom-up end-use analysis. The projected
ower generation data (2025–2060) are derived from the China Energy

utlook 2060 ( SINOPEC Economics, Development Research Institute,
025 ). This report, based on systematic energy system modeling and
ulti-scenario analysis, outlines the future trends in energy structure

nd electricity generation in China under the goal of achieving carbon
eutrality. It is highly authoritative and scientifically sound, providing
 solid data foundation for the long-term electricity generation projec-
ions in this research. In this study, we selected the electricity genera-
ion forecast under the Coordinated Transition scenario. This scenario
ims to peak carbon emissions by 2030 and achieve carbon neutrality by
060, assuming a stable international situation, orderly restructuring of
lobal industrial supply chains, and limited impact from localized con-
icts on bulk commodity trade. It also envisions high-quality domestic
conomic development, accelerated improvement of the modern indus-
rial system, and enhanced living standards. In this scenario, natural gas
erves as a transition bridge, and by around 2035, low-carbon technolo-
ies such as green hydrogen, energy storage, and carbon capture are
xpected to achieve cost competitiveness, ensuring the timely realiza-
ion of green and low-carbon goals. The electricity generation forecasts
ased on this scenario provide a reliable long-term reference for this
tudy. 

To construct annual power generation time series for the period
025–2060 and to avoid the potential loss of nonlinear transition dy-
amics caused by linear interpolation between five-year scenario in-
ervals, this study adopts a nonlinear time-series reconstruction ap-
roach that integrates historical observations with scenario-based an-
hor points. Specifically, for power generation technologies with con-
istent classification definitions across both the historical period and
uture scenario projections —namely wind power, solar power, hy-
ropower, and nuclear power —annual generation series are recon-
tructed by jointly using historical year-by-year statistical data and five-
ear-interval scenario projections as anchor points. A monotonicity-
reserving Piecewise Cubic Hermite Interpolating Polynomial (PCHIP)
ethod is applied to interpolate annual values. This approach constructs

mooth interpolation curves that are continuous in both function value

https://data.stats.gov.cn/easyquery.htm?cn=E0101
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nd first derivative between adjacent anchor points, effectively avoid-
ng the overshooting artifacts commonly associated with conventional
pline interpolation while preserving the nonlinear growth or decline
haracteristics inherent in energy transition processes. The interpola-
ion can be expressed as: 

𝑘 ( 𝑡) = PCHIP 
{
𝑡𝑚 , 𝐸𝑘 

(
𝑡𝑚 
)}𝑀 

𝑚 =1 (1) 

here 𝐸𝑘 ( 𝑡 ) denotes the electricity generation of technology 𝑘 in year
 , and {𝑡𝑚 } represents the set of historical observation years and future
cenario anchor years. 

In historical statistics, thermal power generation is not further dis-
ggregated into coal-fired, gas-fired, and other fossil-fuel-based genera-
ion, whereas future scenario projections provide a more detailed classi-
cation of fossil-based technologies. To ensure consistency between his-
orical and future data, we adopt a “total interpolation–structural disag-
regation ” approach. First, the total thermal power generation —defined
s historical thermal generation and the sum of coal-fired, gas-fired, and
ther fossil-fuel-based generation in future scenarios —is interpolated
sing the PCHIP method to obtain an annual thermal power generation
eries 𝐸thermal ( 𝑡 ) . Subsequently, this total is disaggregated into individ-
al fossil fuel technologies according to their proportional shares in the
uture scenario projections: 

𝑗 ( 𝑡) = 𝐸thermal ( 𝑡) ×
𝐸scen 
𝑗 

( 𝑡) 
Σ𝑙∈{ coal , gas , other } 𝐸

scen 
𝑙 

( 𝑡) 
(2) 

here 𝐸𝑗 ( 𝑡 ) denotes the electricity generation of coal-fired, gas-fired,
r other fossil-fuel-based power in year 𝑡 , and 𝐸scen 

𝑗 
( 𝑡 ) represents the

orresponding projected generation from the future scenario data. 
For other non-fossil power generation, a stable and comparable stan-

alone technology classification is not available in historical statistics.
herefore, historical backcasting is not performed for this category. In-
tead, only future scenario anchor points are used, and annual values
re smoothed using the PCHIP method to avoid introducing speculative
r physically unjustified historical estimates. 

To derive provincial-level future electricity generation, we adopted
 top-down proportional disaggregation approach based on the most re-
ent observed generation structure, applied separately to each power
eneration technology. Specifically, national projections of electricity
eneration by technology from the China Energy Outlook 2060 were used
s control totals, and spatial allocation weights were constructed based
n provincial shares of national generation in 2024 for each technol-
gy. Let 𝑃 𝑘 

national ,𝑦 denote the projected national electricity generation of
echnology 𝑘 (e.g., coal, hydropower, nuclear, wind, solar, natural gas)
n year 𝑦 . Provincial electricity generation for province 𝑖 and technology
 , 𝑃 𝑘 

𝑖 
is calculated as: 

𝑘 
𝑖 
= 𝑃 𝑘 

national ,𝑦 × 𝜔𝑘 
𝑖 

(3)

here 𝜔𝑘 
𝑖 

represents the allocation weight of province 𝑖 for technology
 , defined as: 

𝑘 
𝑖 
=

𝑃 𝑘 
𝑖, 2024 

Σ𝑁 

𝑖 =1 𝑃
𝑘 
𝑖, 2024 

(4) 

here, 𝑃 𝑘 
𝑖, 2024 denotes electricity generation of technology 𝑘 in province

 in 202, and 𝑁 is the total number of provinces. This procedure ensures
onsistency between provincial estimates and national projections while
reserving the observed spatial distribution patterns of different gener-
tion technologies. The resulting allocation weights for all technologies
nd provinces are provided in Table S1 in the Supplementary materials.

The carbon emission factor data for various power generation tech-
ologies used in this study are sourced from the 2023 Electricity Carbon
ootprint Factor Bulletin jointly released by the Ministry of Ecology and
nvironment, the National Bureau of Statistics, and the National Energy
dministration ( Ministry of Ecology and Environment of the People’s
epublic of China, 2023 ). This data, based on both international and do-
estic carbon footprint accounting standards, systematically calculates
4

he unit carbon emissions for different power generation types (includ-
ng coal, natural gas, hydropower, nuclear power, wind power, photo-
oltaics, biomass, etc.). It reflects the average emission levels of various
ower generation technologies currently used in China, filling a gap in
he domestic data on electricity carbon footprint factors. Accordingly,
hey are adopted in this study to construct displacement emission fac-
ors (DEFs), ensuring that the estimated mitigation outcomes are well
ligned with China’s energy structure characteristics and institutional
ontext. The datasets used in this study are summarized in Table 1 . 

.2. Dynamic displacement assessment of CO2 reductions 

Unlike the static displacement emission factor approaches commonly
dopted in previous studies —which assume that wind power persis-
ently and exclusively displaces coal-fired power or other specific high-
arbon generation —this study builds upon the dynamic displacement
stimation framework proposed by ( Vázquez Hernández et al., 2019 )
nd related studies to establish a comprehensive comparative assess-
ent framework. From a bottom-up perspective, we systematically as-

ess the annual and cumulative CO2 mitigation potential of wind power
eneration in China under an evolving power system structure. 

To explicitly capture the uncertainties associated with different sub-
titution assumptions during the energy transition, we construct one
tatic scenario and two dynamic displacement emission factor scenar-
os. This comparative framework enables us to rigorously quantify how
lternative substitution pathways influence estimated mitigation out-
omes, identify the systematic bias inherent in conventional static ap-
roaches, and provide a robust range (from lower to upper bounds) for
ind power abatement benefits under long-term decarbonization path-
ays. 

1) High-Carbon Displacement Emission Factor (HC-DEF). This scenario
assumes that wind power generation displaces coal-fired power only.
The associated CO2 reductions are calculated as the product of wind
electricity generation and a fixed coal-fired power emission factor.
This scenario represents the conventional static coal substitution as-
sumption widely adopted in existing literature. 

2) Dynamic High-Carbon Displacement Emission Factor (DHC-DEF).
Under this scenario, wind power is assumed to dynamically displace
all high-carbon power generation technologies within the electricity
mix, including coal-fired power, natural gas–fired power, and other
fossil fuel–based generation. The high-carbon displacement emis-
sion factor is calculated as a dynamically weighted average based
on the annual generation shares of these fossil fuel technologies,
thereby reflecting temporal changes in the high-carbon power struc-
ture. This approach reflects the merit-order dispatch logic where
zero-marginal-cost wind power typically prioritizes the displacement
of fuel-intensive thermal generation, thereby representing the upper
bound of mitigation benefits. 

3) Dynamic All Mix Energy Displacement Emission Factor (AM-DEF).
This scenario assumes that wind energy can displace all types
of power generation technologies within the energy mix, includ-
ing both fossil and non-fossil energy sources. The corresponding
displacement emission factor is dynamically determined as the
weighted average emission factor of the entire power generation mix
in a given year. This approach captures the “dilution effect ”—where
wind power competes with other low-carbon sources at high pen-
etration levels —thus representing the conservative lower bound of
the mitigation potential. 

The calculation steps for the dynamic displacement estimation
ethod are as follows: 

Calculate the substitution emission factor DE F𝑝,𝑦 for province 𝑝 and
ear 𝑦 : 

E F𝑝,𝑦 =
Σ𝑡 ∈𝑇𝑦 ∖Wind 𝐸𝑡,𝑝,𝑦 ⋅ EF𝑡 

Σ𝑡 ∈𝑇𝑦 ∖Wind 𝐸𝑡,𝑝,𝑦 

(5) 
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Table 1 

Summary of datasets used in this study. 

Data name Source Spatial / Temporal resolution Preprocessing Purpose 

Provincial electricity generation National Bureau of Statistics 
of China 

Province / Monthly Aggregation, consistency check Historical energy structure 

Provincial electricity generation China Electric Power Statistical 

Yearbook 

National / Yearly Aggregation, consistency check Historical energy structure 

Future power generation China Energy Outlook 2060 National / 5-year Provincial disaggregation Scenario analysis 
Power emission factors MEE–NBS–NEA (China) National / Static - DEF construction 
Social cost of carbon estimates Ricke et al. (2018) ; 

Wang et al. (2022a) ; 
Estrada et al. (2025) 

China-specific Scenario selection Monetization 
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here 𝑇𝑦 ∖Wind represents the set of all technologies displaced by wind
nergy in year 𝑦 (excluding wind power itself). 𝐸𝑡,𝑝,𝑦 is the electricity
enerated by technology 𝑡 in province 𝑝 during year 𝑦 . EF𝑡 is the emission
actor (in terms of CO2 emissions per unit of electricity) for technology
 . 

Calculate the CO2 emissions avoided by wind power generation in
rovince 𝑝 for year 𝑦 as EM𝑝,𝑦 : 

M𝑝,𝑦 = 𝐸Wind ,𝑝,𝑦 ⋅ DE F𝑝,𝑦 (6) 

here, 𝐸Wind ,𝑝,𝑦 is the electricity generated by wind power in province
 during year 𝑦 . 

Therefore, the national cumulative emission reductions are then ex-
ressed as: 

Total 
𝑦 

= Σ𝑝 ∈𝑁𝑝 
EM𝑝,𝑦 = Σ𝑝 ∈𝑁𝑝 

𝐸Wind ,𝑝,𝑦 ⋅ DE F𝑝,𝑦 (7) 

here 𝑁𝑝 represents the set of all provinces. 
The national weighted average alternative emission factor is: 

EF Total 
𝑦 

=
Σ𝑝 ∈𝑁𝑝 

𝐸Wind ,𝑝,𝑦 ⋅ DE F𝑝,𝑦 
Σ𝑝 ∈𝑁𝑝 

𝐸Wind ,𝑝,𝑦 
(8) 

.3. Quantifying the climate benefits of carbon reduction 

In this study, we adopted the SCC indicator to monetize the CO2 
eductions attributable to wind power generation, thus quantifying the
limate benefits of wind energy deployment. The SCC represents the
arginal economic damage of emitting 1 ton of additional CO2 into the

tmosphere, and it is widely used as a key metric for assessing expected
limate damages and informing climate policy design ( Ricke et al.,
018 ). Currently, most SCC estimates are obtained from IAMs, which
ouple socioeconomic development, climate system processes, and dam-
ge functions. However, SCC estimates are highly sensitive to assump-
ions about discount rates, damage function specifications, risk treat-
ent, and regional heterogeneity, giving rise to substantial uncertainty

 Peng et al., 2021 ). Furthermore, existing studies have reported a wide
ange of SCC values, spanning from approximately $10 to $1000 per
on of CO2 ( Anthoff and Tol, 2013 ; Moyer et al., 2014 ; Wang et al.,
019 ), with the majority of estimates concentrated between $30 and
250 ( Liu et al., 2022 ). 

Against this backdrop, this study selected three representative SCC
alues to characterize a plausible uncertainty range in the Chinese
ontext. Specifically, the low-end scenario ($24/t CO2 ) was based on
 Ricke et al., 2018 ), who extended global IAM frameworks to estimate
ountry-level SCC and report a median SCC of approximately $24 (4–50)
er t CO2 for China. The high-end scenario ($82/t CO2 ) is derived from
ecent assessments based on the CLIMRISK framework ( Estrada et al.,
025 ), which explicitly incorporate climate risk and extreme-damage
ail events, yielding substantially higher SCC estimates for China under
igh-impact scenarios and thus representing an upper-bound estimate.
or the mid-range scenario, recent China-focused studies have shown
hat SCC estimates in moderate socioeconomic development and emis-
ion scenarios generally cluster around $40/t CO2 , while fossil fuel–
ntensive scenarios yield markedly higher values ( Wang et al., 2022b ).
5

ccordingly, the value of $36/t CO2 adopted in this study ( Wang et al.,
022a ) was deemed a reasonable central estimate for China, positioned
etween conservative lower-bound and high-risk upper-bound scenar-
os. 

Consistent with the dynamic displacement emission factor frame-
ork employed in this study, the adoption of these three SCC scenar-

os explicitly captures the uncertainty of China’s SCC estimates, thus
nhancing the robustness and policy relevance of the monetized assess-
ent of wind power’s emission reduction benefits. By utilizing this SCC

radient ($24–$82/t CO2 ), this study provides a plausible monetized
ange reflecting varying levels of climate risk and socioeconomic as-
umptions. Note, however, that these values represent the long-term so-
ial damage costs associated with CO2 emissions, rather than short-term
egulatory carbon prices (e.g., ETS spot prices). This distinction ensures
he robustness of the long-term economic assessment and avoids distor-
ions stemming from short-term market fluctuations. 

. Results 

.1. Evolution power structure and wind power’s emission reduction 

enefits in China 

China’s current energy structure is still largely dependent on tradi-
ional fossil fuel power generation. However, over the past two decades,
ind power generation in China has witnessed rapid growth. As shown

n Fig. 2 a and 2 b, in 2006, China’s wind power generation was only 2.83
Wh, constituting 0.1 % of the total national power generation. By 2010,
ind power proportion had exceeded 1 % for the first time, reaching
9.5 TWh. Since 2015, renewable energy proportion (hydropower, wind
ower, and solar energy) in China’s power structure has steadily fallen,
ith the total power generation reaching 1,203.25 TWh by 2015, or
1.55 % of the national total. Of this amount, hydropower contributed
96 TWh (17.84 %), wind power contributed 168.09 TWh (3.01 %), and
olar power contributed 39.16 TWh (0.7 %). In later years, hydropower
eneration gradually declined, while wind and solar power generation
teadily increased, with wind power seeing notable growth. By the end
f 2024, wind power generation had reached 936.02 TWh, constituting
.94 % of the total national generation and 35.6 % of the total renewable
nergy generation. 

Regionally ( Fig. 2 c− f), the highest wind power generation in 2024
as seen in North China (332.62 TWh), Northwest China (173.27 TWh),
nd East China (111.71 TWh), accounting for 13.99 %, 12.48 %, and
.95 % of their regional total generation, respectively. Notably, despite
he relatively high total wind power generation in East China, the re-
ion’s power structure is still dominated by thermal power, with ther-
al power generation reaching 1,455.46 TWh, constituting 77.47 % of

he total generation. Nuclear power follows as the second largest source,
enerating 208.78 TWh, or 11.11 % of the total. Of all regions, North-
ast China has the largest wind power proportion, at 18.77 % (86.32
Wh). Moreover, Southwest China is the only region where the propor-
ion of thermal power is below 40 %, with thermal power constituting
nly 31.42 %. The main power source in this region is hydropower,
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Fig. 2. Overview of the evolution of China’s power structure over the past two decades. (a)− (b) Evolution of China’s power structure over 2006–2024, and the 
change in the proportion of each energy source in total installed capacity; (c)− (d) Map of wind power generation distribution across Chinese provinces in 2020 and 
2024; (e)− (f) Major energy structure compositions of China’s seven power grid regions and provinces. 
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hich generates 775.48 TWh, making up 58.97 % of the region’s total
ower generation. 

Over the past 5 years, wind power generation has witnessed consid-
rable growth across all provinces, with more than 60 % of provinces ex-
eriencing a wind power growth rate exceeding 100 %. Specifically, Nei
ongol, Xinjiang, and Hebei were the top three provinces in wind power

eneration in 2024, with 164.3 TWh, 70.79 TWh, and 63.47 TWh, re-
pectively. Together, these three provinces account for about one-third
f the total national wind power generation. Notably, according to our
revious research ( Long et al., 2025 ), Xizang has ample wind and solar
esources, but the province currently depends largely on hydropower
88.83 %), generating 12.83 TWh, with wind power contributing only
.13 TWh, or less than 1 % of the national wind power generation. 

Using wind power to replace coal-fired power generation results in
 certain degree of overestimation of wind power’s emission reduction
otential, with the cumulative overestimation reaching approximately
1 %. Fig. 3 a shows the cumulative CO2 emission reductions over 2006–
024, computed using two methods: wind power replacing coal-fired
eneration (HC-DEF) and wind power replacing all power generation
echnologies (DAM-DEF). The results show a rapid increase in wind
ower’s emission reductions with both methods, with the gap between
he two gradually widening. 

Specifically, in 2006, the wind power emission reductions were only
.58 Mt (HC-DEF) and 2.16 Mt (DAM-DEF), translating to a difference
6

f 19.25 %. By 2015, the emission reductions had grown to 646.01
t (HC-DEF) and 518.87 Mt (DAM-DEF), with the difference widen-

ng to 24.5 %. Over 2016–2020, owing to national policy support, re-
ewable energy rapidly developed. Wind power’s cumulative CO2 emis-
ion reductions rose from 838.39 Mt and 666.31 Mt to 2,083.09 Mt and
,609.47 Mt, respectively, with the gap expanding to 29.43 %. After
early five years of rapid development, by the end of 2024, the cumula-
ive CO2 emission reductions from wind power had reached 4,812.93 Mt
nd 3,672.41 Mt, with the difference between the two methods reaching
1.06 %. This overestimation is largely due to the dynamic nature of the
ubstitution emission factor in the DAM-DEF method. As the renewable
nergy proportion in the energy mix increases, the DEF value gradually
alls. In contrast, the HC-DEF method assumes a fixed emission factor
or coal-fired power generation at 0.944 kg CO2 e kWh− 1 , which causes
n overestimation of wind power’s emission reduction potential. 

Regionally ( Fig. 3 b− d), regardless of the calculation method used,
ver 50 % of the wind power emission reductions nationwide are con-
ributed by the North China and Northwest regions. In North China,
rovinces such as Nei Mongol, Hebei, Shandong, and Shanxi lead in cu-
ulative wind power emission reductions. According to the DAM-DEF
ethod, the cumulative emission reductions in North China are 1,720.5
t, accounting for 43.9 % of the total reductions. Moreover, with the
C-DEF method, the reduction is 1,792.2 Mt, representing 37.2 %, with
 difference of 4.17 %. The Northwest region (represented by Xinjiang,
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Fig. 3. Cumulative CO2 reduction from wind power generation over the past two decades. (a) Cumulative CO2 reductions from wind power in China over 2006–2024 
(based on the results from two calculation methods); (b) Distribution of cumulative CO2 reductions from wind power across provinces in 2024; (c)− (d) Regional 
reductions calculated using the HC-DEF and DAM-DEF methods, with small pie charts showing the proportion of each region in the national cumulative reduction. 
Note : See Table S2 in the Supplementary materials for the full names and codes of provincial abbreviations used in this figure. 
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ansu, and Ningxia) follows, with notable wind power reductions. Us-
ng the DAM-DEF method, we found that the total emission reductions
n Northwest China amount to 798.8 Mt. However, with the HC-DEF
ethod, this value rises to 1,007.7 Mt, which is 26.15 % higher than the
AM-DEF method. The main reason for this difference is that the North-
est region has the largest renewable energy proportion, producing a

arger variation in the emission factor with energy structure changes.
owever, owing to the relatively lower renewable energy proportion in
orth China, the emission factor evolves more gradually, resulting in

maller differences between the two methods. 
The Southwest region shows the largest discrepancy in emission re-

uctions of the two evaluation methods. With the DAM-DEF method, the
umulative reduction in the Southwest is 102.15 Mt, while with the HC-
EF method, the reduction is more than three times higher, or 391.72
t. This considerable difference is largely due to hydropower, the main

ower source in the Southwest, having a carbon emission factor of only
.0143 kg CO2 e kWh− 1 . Therefore, the dynamic emission factor in this
egion is lower, causing reduced emission reductions with the DAM-DEF
ethod. 

.2. Wind power reduction potential under future power structure 

ransition in China 

In the Coordinated Transition Scenario, China’s future energy struc-
ure reflects a profound transformation characterized by the rapid ex-
ansion of renewable energy and the deep phase-down of high-carbon
nergy sources, as shown in Fig. 4 . According to the forecast, China’s
otal electricity generation will increase from 10,580 TWh in 2025
o 18,860 TWh in 2060, marking a growth rate of 78.2 %. Of this
mount, renewable energy generation (i.e., hydropower, wind power,
olar power) is projected to rise from 3,850 TWh in 2025 to 14,940
Wh in 2060, accounting for nearly 80 % of the total electricity mix.
ind power (44.58 % in 2060) and solar power (33.94 % in 2060) are

he main contributors to the growth of renewable energy, with their
eneration expected to rise from 1,140 TWh and 1,040 TWh in 2025
7

o 6,660 TWh and 5,070 TWh in 2060, respectively. In contrast, hy-
ropower’s growth is projected to be more moderate, increasing by only
bout 26.2 %. 

Concerning high-carbon energy, the generation of coal, natural gas,
nd other fossil fuels is expected to decrease from 6,270 TWh in 2025
o 1,610 TWh in 2060, translating to a decline of about 74.3 %, with
heir proportion in the power mix falling to 8.54 %. This shift will be
argely driven by the accelerated decarbonization of China’s electricity
tructure. During this period, coal-fired power generation is predicted
o decrease from 5,630 TWh in 2025 to 1,080 TWh in 2060, or a decline
f approximately 80.9 %, with coal’s proportion in the electricity mix
xpected to fall to just 5.73 % by 2060. 

Regionally, North China and Northwest China, the areas with the
ichest renewable energy resources in China, will play a key role in
he country’s future energy transition. By 2030, the renewable energy
eneration in North China and Northwest China is forecasted to reach
,128.4 TWh and 1,008.24 TWh, respectively, constituting for 21.25 %
nd 18.99 % of the total renewable energy generation in China, re-
pectively. By 2060, the renewable energy generation in North China
nd Northwest China will increase to an estimated 3,979.29 TWh and
,047.81 TWh, respectively, with their proportion in the total genera-
ion of their respective regions rising to 87.85 % and 90.22 %, indicating
heir future dominance of the regional energy mix. 

Wind power, an important component of renewable energy, will see
articularly considerable growth, being expected to range from 324.18
Wh to 2,366.67 TWh in various regions, or from 22 % to 63 % of
heir regional renewable energy generation mix. Specifically, by 2030,
rovinces such as Nei Mongol, Xinjiang, Hebei, Jiangsu, and Shandong
ill all exceed 100 TWh in wind power generation, with Nei Mongol

eading at 312.44 TWh. In these provinces, the wind power proportion
n the total energy generation mix will surpass 10 %, with the highest
eaching 27.61 %. By 2060, China’s wind power generation will also
ee a considerable increase. Except for Beijing, Tianjin, and Hainan, all
rovinces will have wind power making up more than 10 % of their
nergy structure. Among them, Nei Mongol’s wind power generation is
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Fig. 4. Evolution of China’s power structure over 2025–2060. (a)− (b) Evolution of China’s power structure over 2025–2060 and the changes in the proportion 
of each energy source in the total installed capacity. (c)− (d) Wind power generation distribution across provinces in China for 2030 and 2060. (e) Major energy 
structure composition across provinces in China for 2030 and 2060. 
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rojected to reach 1,169.03 TWh, accounting for 67.18 % of its total
lectricity generation, underscoring the central role of wind energy in
he region’s energy structure. 

With the rapid growth in the renewable energy proportion in the
uture power mix, the difference in cumulative CO2 reduction benefits in
ifferent wind power displacement scenarios will become increasingly
ronounced. With 2030 taken as a benchmark, the cumulative reduction
ith the DAM-DEF scenario will stand at 5,214.95 Mt. In contrast, in

he DHC-DEF and HC-DEF scenarios, cumulative reductions will reach
7,225.49 Mt and 8,005.71 Mt, respectively, representing increases of
8.14 % and 53.51 %, respectively, relative to the DAM-DEF scenario.
y 2060, this gap will widen further, with the mitigation volumes in the
HC-DEF and HC-DEF scenarios exceeding the DAM-DEF baseline by
45.21 % and 160.33 %, respectively ( Fig. 5 a). These margins markedly
xceed the differences seen during the historical period (2006–2024).
his projection indicates that as the renewable energy proportion keeps
ising and growing, the trend of divergence in CO2 emission reductions
n different scenarios will also become more pronounced. 

Furthermore, as shown in Fig. 5 b, with the annual increase in wind
ower generation, the overall CO2 reductions across all three scenar-
8

os exhibit an upward trend. However, with the DAM-DEF scenario, the
eduction will peak in 2047 (1,780.63 Mt) and subsequently decline,
ropping to 931.25 Mt by 2060. This inversion trend is fundamentally
riven by the rapid decarbonization of the background power grid. As
hina hurtles toward its carbon neutrality goal, the power structure will
ndergo profound transformation. According to our projections, the pro-
ortion of coal-fired power will plummet from 53.21 % in 2025 to just
.73 % by 2060. Moreover, the shares of low-carbon power sources such
s solar and nuclear energy will soar from 9.83 % and 4.35 % to 26.88 %
nd 12.25 % by 2060, respectively. This structural shift will produce a
ontinuous decline in the grid’s average carbon intensity. In the later
tages (post-2047), the “dilution effect ” generated by the large injec-
ion of clean energy —where the background grid becomes inherently
lean —will outweigh wind power capacity growth’s positive impact.
herefore, in the DAM-DEF scenario, the marginal displacement ben-
fit per unit of wind power will fall over time, leading to an observed
ecline in the theoretical CO2 reduction potential during this phase. 

Regionally ( Fig. 5 c–e), North China, leveraging its rich wind re-
ource endowment and long-standing function as a large-scale energy
upply base, exhibits significantly higher total CO2 reductions in all
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Fig. 5. Cumulative CO2 emission reductions from wind power generation over 2025–2060. (a) Cumulative CO2 emission reductions from China’s wind power over 
2025–2060 (calculated using three methods); (b) Yearly changes in wind power CO2 reductions in China over 2025–2060; (c) Distribution of CO2 emission reductions 
from wind power across provinces in 2060; (d) Regional reductions calculated based on the DAM-DEF, DHC-DEF, and HC-DEF scenarios; (e) Proportion of each region 
in the total national cumulative reductions with the three methods. Note : See Table S2 for the full names and codes of provincial abbreviations used in this figure. 

t  

T  

t  

t  

p  

s  

r  

m  

i
 

l  

D  

r  

m  

s  

c  

t  

c  

d  

C  

w  

t  

5  

a

 

t  

D  

t  

s  

a  

t  

r  

4  

e  

(  

t  

n  

w  

n  

c  

t  

n  

y

3

 

C  
hree (35.5 %–45.7 %), ranging from 22,913.05 Mt to 46,347.99 Mt.
his forecast is mainly driven by Nei Mongol, where the vast wind po-
ential and flat terrain enable large-scale wind power deployment, con-
ributing 54.12 % of the regional total in the DAM-DEF scenario (com-
ared to 47.57 % and 49.4 % in the DHC-DEF and HC-DEF scenarios, re-
pectively). Additionally, Hebei, Shandong, and Shanxi, known for their
elatively high industrial electricity demand, each contribute approxi-
ately 15 %. Notably, in the DHC-DEF scenarios, Hebei’s contribution

ncreases, even exceeding 20 %. 
The Northwest and East China regions rank next in terms of cumu-

ative CO2 reductions, contributing between 11.9 % and 18.5 %. In the
AM-DEF scenario, the reductions are 7,893.04 Mt and 6,034.63 Mt,

espectively. However, when considering high-carbon emission replace-
ents, these figures skyrocket, exceeding 24,000 Mt and 15,000 Mt, re-

pectively. In the Northwest, which has vast land resources and wind
orridors, Xinjiang’s contribution accounts for approximately 50 % of
he regional total. Conversely, in East China, in spite of its relative land
onstraints, Jiangsu Province dominates ( ∼50 %) because of its back-
rop of high power demand and rapid offshore wind development. In
entral China, the reduction ranges from 5,390.00 Mt to 12,487.84 Mt,
ith the populous province of Henan playing a dominant role (42.6 %

o 57.38 %). In South China, Guangdong leads, contributing between
5.18 % and 65.92 %. The northeastern provinces exhibit relatively bal-
nced reductions, with no single province dominanting. 
9

Specifically, the Southwest region, characterized by a high propor-
ion of hydropower, shows the lowest total reduction under the DAM-
EF scenario (only 1,517.18 Mt). However, under the HC-DEF scenario,

his figure surges dramatically, to 10,230.5 Mt, which is approximately
ixfold the amount in the DAM-DEF baseline. This pronounced discrep-
ncy is mainly due to the region’s heavy reliance on hydropower. No-
ably, hydropower is projected to make up as much as 51.61 % of the
egional power mix in 2030. Although this proportion will decrease to
3.22 % by 2060, it will remain the structurally dominant power gen-
ration source. Given the near-zero emission intensity of hydropower
0.013 kg CO2 e kWh− 1 ), substantial low-carbon hydro markedly reduces
he background grid’s average carbon intensity in the DAM-DEF sce-
ario. Therefore, the marginal mitigation space corresponding to unit
ind generation is severely compressed. In contrast, the HC-DEF sce-
ario assumes that wind power prioritizes the displacement of high-
arbon sources such as coal power. This mechanism prevents the dilu-
ion effect imposed by the low-carbon background grid, thus fully har-
essing the theoretical mitigation potential of the Southwest region and
ielding a substantial rise in reduction volumes in this scenario. 

.3. Climate benefits of wind power reduction: based on the SCC 

The SCC is commonly used to measure the economic loss caused by
O emissions. Specifically, SCC refers to the socioeconomic damage as-
2 
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Fig. 6. Climate benefits from wind power between 2006 and 2024. (a) Annual benefits based on DAM-DEF wind power emission reductions; (b) Annual benefits 
based on HC-DEF wind power emission reductions; (c) Cumulative climate benefits for different time periods with the two CO2 reduction methods; (d) Cumulative 
climate benefits by province; (e)–(f) Climate benefits by region with the DAM-DEF and HC-DEF methods, represented as bubble charts. 
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ociated with the emission of 1 ton of CO2 , which is largely driven by the
egative impacts of climate change on the environment and economy.
ind power reduction’s climate benefits can be expressed as the prod-

ct of two factors. Based on the wind power carbon reduction estimates
iscussed earlier, this study used three different SCC estimates —low
$24/t CO2 ), medium ($36/t CO2 ), and high ($82/t CO2 ) —to quantify
ind power emission reduction’s climate benefits. We assessed wind en-

rgy’s climate benefits in both historical and future periods for different
egions, considering the total national benefits as the sum of regional
ontributions. For the subsequent analysis, the medium SCC estimate
$36/t CO2 ) was used as the primary reference, with the results com-
ared against the low and high SCC estimates to capture the uncertainty
n wind power reduction benefits under different SCC assumptions. 

The CO2 reductions driven by wind power translate into substan-
ial climate benefits —a trend that has been particularly pronounced in
10
he last five years. As shown in Fig. 6 , over 2006–2024, with the me-
ian SCC valuation, the total climate benefits generated by wind power
n China were estimated at approximately $273.26 billion in the DAM-
EF scenario, and reaching up to $346.53 billion in the HC-DEF sce-
ario. Notably, during wind power’s high-quality development phase
2021–2024), the mitigation benefits in the HC-DEF and DAM-DEF sce-
arios reached $196.55 billion and $153.18 billion, respectively, with
oth accounting for over 56 % of their respective cumulative totals. As
or regional distribution, North China and Northwest China, which are
ich in wind energy resources and have high installed capacities, not
nly hold notable emission reduction potential but also contribute to
arge-scale climate benefits. During the analysis period, Nei Mongol and
ebei were the top two provinces in terms of emission reduction ben-
fits, reaching $30.1 billion (DAM-DEF) and $31.11 billion (HC-DEF)
or Nei Mongol, and $13.83 billion (DAM-DEF) and $14.55 billion (HC-
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Fig. 7. Wind power’s climate benefits over 2025–2060. (a)–(g) Wind power emission reduction’s total climate benefits in seven Chinese regions in different scenarios. 
The x -axis in each subplot represents the provinces included in each region, with the subplots arranged from left to right for the DAM-DEF, DHC-DEF, and HC-DEF 
scenarios, respectively. (h)–(j) Annual climate benefits of national wind power emission reductions over 2025–2060, showing the results for DAM-DEF, DHC-DEF, 
and HC-DEF methods. Note : See Table S2 for the full names and codes of provincial abbreviations used in this figure. 
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EF) for Hebei. They were followed by Xinjiang ($12.62 billion DAM-
EF; $14.38 billion, HC-DEF) and Shandong ($8.73 billion DAM-DEF;
9.18 billion, HC-DEF). 

From 2025 to 2060, as the renewable energy proportion in the power
ix keeps increasing, the climate benefits derived from wind power-

nduced CO2 mitigation are also projected to become increasingly no-
able. Our estimates indicate that the total climate benefits may reach
1,803.64 billion under the DAM-DEF scenario and exceed $4,000 bil-
ion under the more aggressive mitigation scenarios (DHC-DEF and HC-
EF), as shown in Fig. 7 . Moreover, these climate benefits exhibit a year-
n-year upward trend. Specifically, under the HC-DEF and DHC-DEF
cenarios, annual climate benefits are projected to peak in 2060, reach-
ng $497.19 billion and $448.15 billion, respectively. In contrast, under
he DAM-DEF scenario, the annual benefit is projected to peak earlier
n 2047, at $146.01 billion. Regionally, under the DAM-DEF scenario,
orth China —benefiting from superior wind resources and large-scale
evelopment —is projected to achieve the highest total climate benefit
f $824.87 billion. This is followed by Northwest and East, reaching
284.15 billion and $217.25 billion, respectively. Even in Southwest,
here the mitigation potential is relatively lower, the total climate ben-
fit is expected to reach $54.62 billion. Notably, when shifting to the
HC-DEF and HC-DEF scenarios, these climate benefits increase to ap-
roximately 2.5 times those of the DAM-DEF scenario, and by more than
ix times in the Southwest region. 

The uncertainty surrounding the climate benefits of wind energy re-
uctions is largely driven by variability in SCC estimates. To quantify
his effect, we calculated the climate benefits under alternative SCC as-
umptions, with the results summarized in Table 2 . The results show
hat SCC assumptions exert a substantial influence on the magnitude
f monetized mitigation benefits. Specifically, higher SCC values lead
o markedly larger estimated economic gains. For example, adopting
 conservative SCC of $24/t CO2 results in climate benefits that are
3.33 % lower than those with the median estimate. In contrast, under
11
he high SCC scenario ($82/t CO2 ), the estimated climate benefits rise
y 127.78 % relative to the median baseline. 

This pronounced sensitivity demonstrates that SCC valuation plays a
ey role in shaping the perceived economic feasibility and wind power
nvestment prioritization. Under low SCC assumptions, wind power’s
ocial returns are relatively modest, while higher SCC valuations sub-
tantially increase its estimated economic contribution. These findings
ighlight the importance of adopting scientifically robust and context-
ppropriate SCC estimates in energy policy assessments and carbon pric-
ng frameworks to more accurately reflect wind power deployment’s
ong-term climate benefits. 

. Discussion 

This study systematically analyzes the current and future evolution
rends of China’s energy structure, stablishing an improved dynamic as-
essment framework that integrates two dynamic alternative emission
actor methodologies to evaluate the potential emission reduction ben-
fits of wind energy. Compared to the commonly used fixed substitu-
ion emission factor method in traditional studies, the dynamic esti-
ation method introduced in this study more accurately reflects the

ctual emission reductions and provides a systematic comparison with
he fixed-factor approach. Additionally, to more intuitively reflect the
limate-economic value of carbon reductions brought by wind power,
his paper further monetizes the potential CO2 emission reductions of
ind energy based on different levels of the SCC in China. 

.1. Challenges of uneven wind power patterns and regional drivers of 

itigation benefits 

Our analysis of China’s energy structure evolution revealed the rapid
evelopment of renewable energy, especially wind power, over the past
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Table 2 

Matrix of cumulative climate benefits (Billion $) under varying displacement emission factors and Social Cost of Carbon (SCC) valuations (2025–2060). 

SCC scenario Unit value ($/t CO2 ) Sensitivity to SCC (vs. Median) DAM-DEF (base model) HC-DEF (high-carbon) DHC-DEF (dynamic HC) 

Cumulative mitigation Mt – 50,101.21 130,427.04 122,853.33 
Low estimate 24 − 33.33 % 1,202.43 3,130.25 2,948.48 
Median estimate 36 Ref. 1,803.64 4,695.37 4,422.72 
High estimate 82 + 127.78 % 4,108.30 10,695.02 10,073.97 

Note : Cumulative mitigation quantities remain identical across SCC scenarios for each displacement emission factor (DEF) framework; variations in 
climate benefits reflect differences in SCC assumptions only. 
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wo decades. However, electricity consumption is primarily concen-
rated east of the Hu Huanyong Line. This spatial mismatch between
esource supply centers (West and North) and demand hubs (East) poses
evere challenges to the power grid ( Dang et al., 2024 ). Addressing this
ontradiction necessitates sustained investments in inter-regional grid
nfrastructure ( Chen et al., 2010 ), especially by enhancing the capac-
ty and efficiency of Ultra-High Voltage (UHV) transmission channels
 Wang et al., 2024 ), while simultaneously optimizing cross-regional dis-
atch mechanisms and advancing smart grid technologies ( Yuan et al.,
023 ). 

Despite wind power’s nationwide expansion, its contribution to CO2 
eduction exhibits notable regional heterogeneity. This disparity is not
riven by a single factor but is a complex interplay of wind resource
ndowment, power system structure, industrial and load characteris-
ics, and substitution pathway assumptions. North and Northwest China
ontribute over 50 % of the national wind power emission reductions.
he chief reason is their simultaneous advantages across the “resource–

nstallation–substitution target ” dimensions. In one sense, regions like
ei Mongol and Xinjiang possess the nation’s best wind resources and
ast flat or desert terrains, thereby markedly reducing land and grid in-
egration constraints for large-scale development ( Gao et al., 2020 ). In
nother sense, serving as national energy bases with a massive installed
ase of thermal power, these regions allow wind power to displace a
igher-carbon generation mix in most scenarios, thus generating a larger
arginal mitigation effect. For example, the high power demand from
eavy industrial provinces like Hebei and Shanxi further amplifies the
enefits of substituting coal power ( Li et al., 2023 ). 

In contrast, while East China has relatively limited wind resource
ndowments, its mitigation contribution remains among the highest in
he nation, which is mainly driven by demand-side factors. As China’s
ritical economic and load center, East China shows high and stable
lectricity consumption intensity. This behavior ensures that new wind
ower, even if lower in proportion, achieves a substantial scale of abso-
ute emission reductions ( Wang et al., 2020 ). Notably, the development
f offshore wind power in coastal provinces such as Jiangsu has partially
ompensated for the scarcity of onshore resources ( Hui et al., 2021 ),
aking it a dominant contributor in multiple substitution scenarios. 

The pronounced pathway disparity observed in Southwest China
nderscores the high dependence of wind power mitigation assess-
ents on the background power structure. In the DAM-DEF framework,
hich assumes the substitution of the average generation mix, the re-
ion’s long-standing dominance of high-proportion hydropower —with
ts near-zero emission characteristics —markedly reduces the average
arbon intensity of the background grid. This effect compresses wind
ower’s marginal abatement space under the “average substitution ” as-
umption. In contrast, in the HC-DEF scenario, where wind power is
ssumed to prioritize displacing high-carbon sources like coal, this “di-
ution effect ” driven by clean energy is effectively prevented, allowing
he theoretical abatement potential to be fully unleashed. This result
ndicates that the sensitivity of different regions to substitution assump-
ions is heavily dependent on their existing energy mix features. 

Overall, wind power mitigation benefits’ spatial differentiation re-
ects a systemic coupling relationship between the resource supply side,
emand structure, and the evolutionary path of the power system. This
nderstanding not only explains current regional disparities but also un-
12
erscores the necessity of adopting dynamic assessment methods. Cur-
ently, traditional evaluations are mainly based on the assumption that
ind power fully replaces coal-fired generation, which carries a risk of
verestimation. In our study, the CO2 reduction from wind power in
hina in 2021 was 392.29 Mt, lower than the 462 Mt estimated in pre-
ious studies based on the “coal-replacement ” assumption ( Long et al.,
023 ). Thus, traditional methods fail to fully factor in changes in the
nergy structure (e.g., the proportion of hydro and nuclear), leading to
 total overestimation of up to 31 %. Therefore, future mitigation as-
essments and related policy frameworks must overtly account for these
egional and structural complexities to avoid systematic bias. 

.2. Physical validity of dynamic substitution and cross-regional attribution

oundaries 

In assessing wind power mitigation benefits, the selection of substi-
ution targets is a critical factor determining the credibility of the re-
ults. Traditional power system studies generally posit that wind power
ainly displaces the dispatchable units with the highest marginal op-

rating costs —typically coal- or gas-fired plants —corresponding to the
C-DEF scenario defined in this study ( Liu et al., 2023 ; Lu et al., 2020 ;
illstein et al., 2024 ). We acknowledge that from a short-term op-

rational perspective, the HC-DEF scenario aligns more closely with
arginal substitution theory and can be regarded as the theoretical

eiling of wind power’s mitigation potential. However, the DAM-DEF
ethod employed in this study is designed to evaluate wind power’s

mpact on the carbon intensity of the overall power mix from the long-
erm system evolution perspective. As China progresses toward its 2060
arbon neutrality goal, the proportion of non-fossil energy will rise con-
inuously. Consequently, wind power will evolve from a marginal sup-
lement to a core component, with its incremental generation effectively
ompeting for generation space at the system level. In this context, wind
ower’s mitigation benefits should be interpreted as a systemic “dilu-
ion ” effect on the carbon intensity of the background grid. Therefore,
lthough the DAM-DEF scenario yields more conservative estimates, it
aptures the objective trend of diminishing marginal mitigation benefits
er unit of wind generation as the grid decarbonizes, thereby providing
 conservative lower bound for long-term mitigation assessment. 

Furthermore, the attribution boundary of mitigation benefits war-
ants discussion. This study currently employs a production-based ac-
ounting approach, attributing mitigation benefits to the provinces
here wind farms are located. However, given the massive scale of

ross-provincial power transmission in China, adopting a consumption-
ased accounting framework would reveal a spatial shift of benefits from
estern production centers to eastern consumption hubs ( Tian et al.,
024 ). Existing studies indicate that differences in accounting ap-
roaches can markedly affect the allocation of regional carbon respon-
ibility, specifically highlighting potential carbon inequalities associ-
ted with capital distribution ( Tian et al., 2025 ). Simultaneously, inter-
egional transmission entails realistic costs, such as grid infrastructure
nvestment and transmission losses, which may offset wind power sub-
titution’s net economic gains ( Deng et al., 2022 ). Although these fac-
ors are not explicitly incorporated into our current model, they suggest
hat future policy-making must balance production-side incentives with
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onsumption-side responsibilities and conduct more refined assessments
hat account for power flows and grid cost constraints. 

.3. Uncertainty and policy implications 

While this study provides a dynamic assessment, the projections re-
ain subject to multiple sources of uncertainty. Regarding result cred-

bility, our model projects that by 2060, wind power will reduce CO2 
missions by at least 931.25 Mt. This figure aligns closely with the pro-
ection range of Yang et al. (2025 ) (938–995 Mt), and the underlying
ower mix assumptions are corroborated by authoritative international
cenarios. Specifically, we project that by 2060, the proportion of coal
ower will decline to 5.73 %, while renewable electricity —dominated
y wind and solar —will account for 79.22 % of total generation. These
gures correspond closely with the IEA’s Announced Pledges Scenario
APS), which envisions a 5 % coal share and an 80 % renewable share for
hina ( IEA, 2021 ). Furthermore, this deep decarbonization trajectory
omplies with the IPCC AR6 requirement for the East Asian power sec-
or to achieve near-zero emissions by mid-century ( Shukla et al., 2022 ).
uch consistency across multiple macroscopic sources strongly supports
he plausibility and robustness of our assessment in terms of both mag-
itude and trend. 

However, it must be noted that this study relies mainly on the sin-
le Coordinated Transition scenario from China Energy Outlook 2060,
hich may not fully capture extreme future policy shifts, technological
reakthroughs, or market fluctuations. Future research should incorpo-
ate multi-scenario analyses, such as combining Shared Socioeconomic
athways (SSPs), to explore mitigation ranges under varying policy am-
itions, breakthrough technologies (e.g., maturity of deep-sea offshore
ind), or drastic market volatilities, thereby delineating a more com-
rehensive uncertainty envelope for long-term wind power mitigation
n China. Beyond these scenario assumptions, the physical constraints
f real-world power system operations constitute another critical source
f uncertainty. While this study assumes full utilization of wind capac-
ty —representing an idealized integration scenario —wind curtailment
emains a critical challenge in China’s actual grid operations ( Xia et al.,
020 ). Constrained by wind power’s counter-peak generation character-
stics and insufficient grid flexibility, some wind farms may face forced
urtailment, resulting in actual mitigation outcomes that fall below the-
retical projections ( Kader et al., 2022 ). If system flexibility —such as en-
rgy storage deployment or thermal power flexibility retrofits —cannot
e effectively enhanced in the future, this loss in utilization rate will
irectly translate into a decline in realized mitigation benefits per unit
f installed capacity ( Zhang et al., 2021 ). 

Accompanying the uncertainty in physical reduction estimates is the
igh sensitivity of economic valuation to parameter choices, particu-
arly the SCC. Although this study adopts low, medium, and high sce-
arios to evaluate the climate benefits of wind power mitigation at
he national scale, it should be noted that SCC estimates exhibit pro-
ounced spatial heterogeneity within China, driven by differences in
ocio-economic development, industrial structure, and climate vulnera-
ility ( Jin et al., 2020 ). For instance, in economically developed eastern
rovinces such as Jiangsu and Guangdong, SCC values tend to be higher
ue to greater economic density and higher exposure to climate risks,
hereas relatively lower values are observed the Northwest and North-

ast regions of China ( Tian et al., 2026 ; Wang et al., 2022b ). There-
ore, future research should incorporate interprovincial heterogeneity
nto the monetization framework to provide more region-specific policy
mplications. 

While wind power’s mitigation benefits are highly sensitive to SCC
ssumptions, this characteristic itself carries important policy implica-
ions. Rather than viewing SCC uncertainty as a limitation, we sug-
est that policymakers explicitly incorporate a dynamic shadow pricing
ramework into energy planning. Specifically, this framework treats SCC
s a time-varying shadow price under different scenarios, reflecting the
volving marginal social cost of carbon along alternative development
13
athways. In practice, scenario-dependent SCC trajectories can be con-
tructed over time and applied as weighting factors in the monetization
f annual emission reductions, thereby enabling a dynamic assessment
f climate benefits across different stages. Under high-SCC scenarios,
he potential climate benefits associated with wind power —exceeding
4,000 billion in cumulative value —indicate that, even if grid upgrades
nd system flexibility investments entail substantial short-term costs,
uch investments remain economically justified from the perspective of
ong-term social welfare maximization. In this context, proactive invest-
ents in energy storage, grid flexibility retrofits, and smart grid infras-

ructure can be rationalized not only on technical grounds, but also on
obust climate-economic criteria. 

Synthesizing the spatiotemporal patterns and uncertainty analyses
resented above, it is evident that a single nationwide aggregate target is
nsufficient to effectively address regional imbalances in wind power de-
elopment and mitigation outcomes. Accordingly, differentiated energy
olicies tailored to regional characteristics are essential. In regions char-
cterized by abundant wind resources but relatively low local electricity
emand —such as the “Three-North ” areas (e.g., Nei Mongol and Xin-
iang) —policy priorities should evolve from a sole emphasis on capacity
xpansion toward a dual strategy combining long-distance transmission
ith local conversion. Beyond reinforcing UHV transmission corridors,
reater emphasis should be placed on utilizing low-cost wind electricity
or green hydrogen production and for enabling the low-carbon transi-
ion of energy-intensive industries, thereby enhancing local absorption
apacity. 

By contrast, economically developed yet resource-constrained re-
ions in East China (e.g., Jiangsu and Shanghai) require a parallel ap-
roach that integrates technological advancement with responsibility
haring. On the supply side, accelerating the deployment of offshore
ind power clusters can help overcome land and resource limitations.
n the demand side, more sophisticated interprovincial green elec-

ricity trading mechanisms are needed, allowing these regions to as-
ume an appropriate share of emission reduction responsibility through
onsumption-based pathways. In Southwest China, where the electric-
ty system is dominated by hydropower, policy interventions should in-
tead focus on strengthening wind–hydro complementary operational
chemes. Leveraging the inherent flexibility of hydropower to smooth
ind power variability can substantially enhance mitigation outcomes,
articularly under substitution pathways that prioritize the displace-
ent of high-carbon generation. Beyond region-specific strategies, the

ccounting framework itself warrants further refinement. Given the
imitations of the current production-based approach, future research
hould advance consumption-based carbon accounting to explicitly
uantify the embodied carbon transfers associated with interprovincial
lectricity transmission. Such efforts would provide a more robust sci-
ntific foundation for designing equitable and effective regional carbon
ompensation mechanisms. 

Furthermore, as the share of renewables in China’s energy mix con-
inues to rise, a wind-centric perspective is no longer sufficient to cap-
ure the mitigation dynamics of future power systems. A transition
oward an integrated multi-energy framework is therefore essential.

ithin this framework, the emission reduction benefits of wind power
re shaped not only by its scale but also by its interactions with other
nergy sources. For example, the spatiotemporal complementarity be-
ween wind and solar enhances system stability ( Lv and Tang, 2025 ;
uan et al., 2025 ), while hydropower and pumped storage provide crit-

cal flexibility to mitigate variability in wind generation ( Qiao et al.,
026 ). Nuclear power, as a highly reliable baseload source, further com-
lements wind power within the overall generation mix ( El-Emam et al.,
024 ). Such integration not only facilitates higher renewable penetra-
ion but also reduces marginal abatement costs through more efficient
ystem operation. Accordingly, future energy policies should shift from
 single-technology focus toward a system-oriented approach, with an
mphasis on pricing and dispatch mechanisms that enable cross-energy
oordination. 
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. Conclusions 

Based on the evolution of China’s electricity structure over the past
wo decades and future scenario projections, this study established a
ynamic assessment framework to quantify the CO2 reductions and as-
ociated climate benefits of wind power within China’s evolving power
ector. Our results show that shifting from static to dynamic evaluation
aptures the progressive decarbonization of the energy mix. Notably, we
nd that traditional static assessments (HC-DEF) may overestimate the
ecarbonization potential of wind energy, as they overlook the increas-
ng integration of other low-carbon sources into the grid. 

Looking toward 2060, as wind power is projected to account for 45 %
f total generation, substantial CO2 mitigation is projected, particularly
n North, Northwest, and East China. Our results indicate that under
 more idealized dispatch strategy that prioritizes the displacement of
igh-carbon or coal-fired technologies (DHC-DEF), mitigation benefits
ould increase by over 50 % compared to the DAM-DEF scenario. When
hese reductions are monetized, they yield significant climate-economic
enefits; however, these benefits are highly sensitive to the choice of
CC values. Therefore, the appropriate selection and application of SCC
alues are essential for estimating the emission reduction benefits of
ind power. This study provides a scientific basis for Chinese provinces

o formulate targeted renewable energy incentive policies and offers a
ynamic assessment framework for other coal-dependent economies un-
ergoing energy transitions worldwide. 
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